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Abstract 
 
Urban Heat Island (UHI) is a growing problem worldwide. Mitigation of UHI is 
necessary for cities to adapt to climate change and enhance sustainable development at a city 
scale. Cooling cities with urban vegetation management is a sustainable solution for urban heat 
mitigation. Urban vegetation influences urban microclimate through the shading effect, surface 
roughness, and evapotranspiration. The differences in horizontal and vertical structures of urban 
vegetation determine the shading effect, surface roughness, and evapotranspiration. Enhancing 
the cooling effect of urban vegetation requires a comprehensive understanding of how vegetation 
structure affects UHI. The effects of horizontal structure on land surface temperature (LST) have 
been extensively documented, however, the cooling effect of vertical structure has rarely been 
studied. Therefore, this knowledge gap poses a serious challenge for UHI mitigation. Meanwhile, 
the solutions to alleviate UHI by urban vegetation management vary among cities due to the 
difference in their climate and urban settings. Examining the cooling effect of urban vegetation 
structure in different cities will help explore how vegetation interacts with local settings and 
climate and give rise to efficient urban vegetation management strategies. 
The objective of this research is to improve the understanding of the effects of vertical 
structure of urban vegetation on LST at a city scale. The research will be carried out in three 
specific phases as follows: (1) developing preliminary research to investigate whether urban 
vegetation height can cool down LST or not, (2) quantifying the spatial and temporal patterns of 
shade cast by trees and examining the cooling effect of shade in two different cities, and (3) 
x 
 
investigating and comparing the effects of vertical structures related to surface roughness on LST 
at three cities with different climatic conditions and urban settings. 
The results of the first phase revealed that vegetation height has a significant effect on 
LST. Additionally, the optimal height and fractional cover at which vegetation can exert the 
greatest influence on LST were identified. Since it is extremely difficult to achieve very high 
vegetation cover in cities, managing vegetation height is important to exert efficient UHI 
management strategies. This study established a baseline for exploring the importance of vertical 
structure of urban vegetation. 
The second phase of study examined the cooling effect of tree shade in the two cities: 
Tampa, Florida and New York City (NYC), New York. A hillshade algorithm of geographic 
information system was employed to quantify the spatial and temporal pattern of shade cast by 
trees by integrating the sun location and tree height. The cooling effects of tree shade were 
investigated by statistical analyses. Hillshade tool combining the sun location and tree height can 
accurately capture the spatial and temporal variation of tree shade. Shade cast by trees has 
significant cooling effects in Tampa and NYC and shade at 07:30 am was the most significant 
cooling factor. Comparing the cooling effects of tree shade in the two cities, shade has a stronger 
cooling effect in Tampa than NYC. This difference is possible due to the distinct ratio of tree 
canopy to impervious surface cover, different spatial arrangements, and relative heights of trees 
and buildings. This initial comparison can provide significant insights to efficient management 
of urban climate moderation and allow further study of the mechanisms of UHI in different 
cities. 
The last phase of this dissertation research explored the cooling effects of urban tree 
vertical structural metrics related to surface roughness in the three different cities: NYC New 
York, Seattle Washington, and Tampa Florida. Maximum tree height and standard deviation of 
xi 
 
tree height were used to characterize the vertical surface roughness of trees. The study found that 
the two height metrics have important and but varied cooling effects in the three cities. This 
study suggests that there are different cooling effects of tree height metrics among cities with 
different biomes and urban characteristics. 
The study accomplishes three main objectives. First it provides significant knowledge 
about the effects of urban vegetation structures, especially vertical structure, on UHI. Second, it 
enhances understanding of the interaction between the cooling effect of urban vegetation vertical 
structure and urban settings and local climate. Finally, it provides important insights to urban 
planners and natural resource managers on how to mitigate the impacts of urbanization on UHI 
through vegetation management.
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Chapter 1 Introduction 
 
1.1 Problem Statements 
Urban warming, as a result of global change and urbanization, has become a major 
problem for the sustainable development of modern societies. One important phenomenon is the 
urban heat island (UHI) effect, which is defined as an urban area that is significantly warmer 
than its surrounding rural areas due to human activities (Kim, 1992). UHI has been a focus of 
urban sustainable development as it can lead to increasing water consumption and energy use 
(Akbari et al., 2001; White et al. 2002), elevating environmental pollution (Stone Jr, 2005), and 
harming human health and comfort (Fanger, 1970; Huang et al., 2015; Hwang et al., 2011; Tan 
et al., 2010). Urban areas are hotter for many reasons with the following four counting among 
the most important. First, greenhouse effect created by traffic pollution keeps heat inside cities at 
night. Second, the lack of trees in urban areas also make cities easy to absorb solar heat. Third, 
impervious surfaces quickly release heat into the air causing rain water to be drained away 
instead of percolating into soil contributing to cooling by evaporation of soil moisture. Fourth, 
people use air conditioning to cool down themselves and their building, thereby transferring 
warm air into the streets outside. This adds to the city’s warmth just as heating systems would. In 
hotter parts of the world, UHI is reaching breaking point. The severe heat in Phoenix, Arizona 
may limit the city’s expansion. Even in temperate cities such as Paris, extreme heat lead to 
hundreds and even thousands of deaths (Laaidi et al., 2011). 
With the majority of the world’s population residing in cities, it is important and urgent to 
examine whether and how urban regions can become more sustainable under global change 
2 
 
(Campbell, 1996). About 60% of the global urban population is currently experiencing twice as 
much warming as the world’s average and the temperature in cities is projected to increase by 
another 2°C by 2050 (Johnston, 2017). Any hard-won victories over global warming on a global 
scale could be wiped out by the effects of uncontrolled UHI (Estrada et al., 2017; Hakner, 2017). 
Mitigating UHI effects, especially under climate change, has been a focus of promotion of urban 
sustainability and urban ecology (Akbari et al., 2001). Cities have been living with effects of 
local warming for decades. Solutions to make cities cooler should be found from cities 
themselves. Adaptation strategies to mitigate UHI at a city level have important economic and 
environmental benefits for most cities around the world. 
There are a variety of ways to reduce UHI and improve resilience of urban residents to 
heat waves. Three major UHI mitigation strategies have been identified by the U.S. 
Environmental Protection Agency: managing green space, installing cool roofs, and using 
energy-efficient appliances and equipment (EPA, 2018a). Managing green space can change 
urban climate through changing the surface roughness environment, providing shade, and 
contributing to evapotranspiration (EPA, 2018b). Cool roofs help increase the albedo and reflect 
solar radiation thus decrease solar absorption on the surface, while energy-efficient appliances 
and equipment can reduce the longwave heat emission from the surface. Among them, managing 
green space in urban areas to eliminate urban heat has been widely adopted in cities from tropical 
area such as Colombo, Sri Lanka, to temperate area such as London and New York, to even 
colder region such as Glasgow, UK (Emmanuel, 2015). 
1.2 Background and Context 
1.2.1 Problem overview 
Mitigation of UHI is necessary for cities to adapt to climate change and enhance urban 
sustainable development. Cooling cities with urban vegetation management is a sustainable 
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solution to increase thermal comforts of urban residents. Urban vegetation can ameliorate urban 
temperature by providing shade, surface roughness, and evapotranspiration (Armson et al., 2012; 
Arnfield, 2003; Nowak et al., 1998; Oke, 1989). Urban vegetation influences urban microclimate 
through differences in its horizontal and vertical structure determining the shading effect, surface 
roughness, and evapotranspiration (Burakowski et al., 2018; June et al., 2018; Weng et al., 
2004). Examining how urban vegetation structures affect surface temperature provides both an 
avenue to improve the understanding of the ecosystem services of urban vegetation and to aid the 
development of efficient UHI mitigation strategies. Considerable number of studies have 
demonstrated the significance of the horizontal structure of urban vegetation in decreasing 
temperature (e.g., Alkama and Cescatti, 2016; Declet-Barreto et al., 2016; Deilami et al., 2018; 
Susca et al., 2011; Weng et al., 2004; Wu et al., 2014), while the cooling effects of vertical 
structures have rarely been studied (Yu et al., 2018). Since the vertical structure of urban 
vegetation plays a critical role in shading effect and surface roughness, this knowledge gap limits 
the understanding of the cooling effect of urban vegetation. Examining the cooling effect of 
vertical structures of urban vegetation will largely enhance our understanding of how urban 
vegetation affects surface temperature and provide significant insights for efficient UHI 
mitigation. 
1.2.2 Cooling effects of urban vegetation 
Planting of vegetation in urban areas is one of the most widely applied methods around 
the world (Bolund and Hunhammar, 1999; Susca et al., 2011). Urban vegetation can ameliorate 
temperature by directly or indirectly influencing shading effect, surface roughness, and 
evapotranspiration (Burakowski etal., 2018; June et al., 2018; Weng et al., 2004). Shade cast by 
trees can affect surface temperature by reducing the storage and convection of heat through 
blocking unwanted solar radiation from striking onto the ground and buildings (Berry et al., 
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2013; Morakinyo et al., 2016). For example, a shaded surface can be even 11 – 25 °C cooler than 
the peak temperatures of unshaded materials in a hot summer (Akbari et al., 1997). Surface 
roughness influences surface temperature through affecting absorption of solar radiation. It refers 
to measurements of the irregularities on the surface texture originally, including surface profile 
roughness and surface area roughness. Surface roughness has been adopted to describe the 
structural characteristics of urban surface, which is determined by the size and shape of 
roughness elements (mainly buildings and trees) (Grimmond et al., 1999). Urban trees with 
larger surface roughness contribute to greater dissipation of heat compared to grasses and shrubs 
(Burakowski et al., 2018; Lee et al., 2011; Richardson et al., 2013; Rotenberg and Yakir, 2010). 
Evapotranspiration cools down temperature through using the solar energy absorbed by leaves 
and evaporates water via stomata. The solar radiation absorbed by leaves is transferred to 
latent/hidden heat which will be used to convert liquid water to water vapor (Pokorny and Ratajc, 
2018; Qiu et al., 2013). 
Managing urban vegetation to eliminate urban heat has been adopted or considered in 
many cities. The key of using urban vegetation to mitigate UHI is to understand what structure of 
urban vegetation contributes to cooling effect (Weng et al., 2004; Yu et al., 2018). Horizontal 
and vertical structure which are the two fundamental structures of vegetation affect the shading 
effect, surface roughness, and evapotranspiration. Shading and surface roughness are mainly 
controlled by the horizontal and vertical structures of urban trees, while evapotranspiration is 
driven by the horizontal structure of grasses, shrubs, and trees. Shading effect of trees is 
associated with the crown size and height of trees. Difference in horizontal or vertical structure 
would result in various amount of shade. A taller tree can extend its shade to further area and 
bigger tree crown can provide larger amount of shade. Both horizontal and vertical structures of 
tree canopy are significant in determining the surface roughness of trees (Weng, 2009). 
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Horizontal structures of tree canopy influence the interaction area with sunlight (June et al., 
2018). Compared to a dense canopy, a sparse canopy absorbs less solar radiation and thus more 
solar radiation reaches the ground (June et al., 2018). Vertical structures affect the depth of 
interaction between tree canopy and solar radiation (Burakowski et al., 2018; June et al., 2018; 
Maurer et al., 2015). A complicated canopy vertical structure may allow air/wind circulation 
eddies to penetrate deeper into the canopy (Burakowski et al., 2018). Evaporative cooling is 
mainly affected by horizontal structure of urban vegetation. Basically, increasing leaf area can 
strengthen evapotranspiration so that more solar energy can be transferred to latent heat (Grier 
and Running, 1977; Wiegand et al., 1979). Therefore, since the cooling effect of urban 
vegetation is motivated by its horizontal and vertical structures, studying the effects of the 
variance in horizontal and vertical structures on surface temperature will provide significant 
knowledge for UHI extenuation. 
1.2.3 Varying cooling effects of urban vegetation in cities 
The solutions to UHI by urban vegetation management vary among cities due to the 
difference in their climate and urban settings. Cities at different latitudinal locations receive 
various level of solar radiation, which serves as the main source of heat for ground and 
atmosphere. Meanwhile, Natural environment and socio-economic decisions drive urban growth, 
thereby creating a different structure of cities. The urban structure such as the spatial 
arrangement of vegetation and buildings differs among cities. The effects of spatial pattern of 
urban vegetation on urban climate has been studied in many cities (e.g., Alkama and Cescatti, 
2016; Declet-Barreto et al., 2016; Deilami et al., 2018; Susca et al., 2011; Weng et al., 2004; Wu 
et al., 2014). Planting more trees has been a focus of urban planning for many cities. Larger tree 
cover can normally block more solar radiation from striking the ground objects and increase 
evaporating cooling compared to small tree cover (June et al., 2018; Simpson and McPherson, 
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1998). However, planting a large number of trees maybe not practical for many cities. Some 
cities are densely occupied with so many buildings that there is limited space to plant trees. 
Some cities located in very hot and dry area cannot meet the water need for tree planting. In 
addition to vegetation cover, the spatial configuration of urban greenspace is another structure 
affects surface temperature. A dense patch of urban vegetation may have stronger cooling effect 
in one city, while a scattered vegetation patch is more efficient in another city (Zhou et al., 
2017). All in all, one size doesn’t fit all. Examining the cooling effect of urban vegetation 
structure in different cities will help explore how vegetation interacts with local settings and 
climate and give rise to efficient urban vegetation management strategies. 
1.2.4 Remote sensing technology 
Remote sensing technology provides complete spatial coverage and repeated 
observations in a consistent manner, and thus has been an invaluable way to characterizing the 
spatial and temporal patterns of UHI and the horizontal and vertical structures of urban 
vegetation. An extensive amount of research has used remote sensing techniques to study the 
cooling effect of horizontal structure of vegetation on UHI. 
To explore the cooling effect of vegetation, two types of UHI have been examined: air 
temperature UHI and surface temperature UHI (Arnfield, 2003; Zhou et al., 2011). Air 
temperature UHIs generally exhibit greatest spatial variations at night, whereas the greater 
difference in surface UHIs usually occurs during the daytime (Arnfield, 2003; Nichol et al., 
2009). Remotely sensed land surface temperature (LST) records the radiative energy emitting 
from the ground surface, which has been frequently used as indicators of surface UHI. Remote 
sensing data using thermal infrared spectral bands can directly provide accurate estimates of LST 
that is a key indicator of the UHI phenomenon (Buyantuyev and Wu, 2010; Chen et al., 2006). 
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Products from remote sensing images including indices such as vegetation indices, leaf 
area, and vegetation fraction, have been excessively used to characterize the horizontal structure 
of urban vegetation (e.g., Chen et al., 2006; Weng et al., 2004; Weng, 2009; Yuan and Bauer, 
2007). Existing studies have found that cooling effects of urban vegetation are a function of the 
spatial distribution of vegetation, including vegetation fraction and spatial heterogeneity that is 
quantified by textural and landscape indices of vegetation patches (Weng et al., 2004; Zhou et 
al., 2011; Zhou et al. 2017). For example, LST decreases with vegetation patch area and 
increases with the edge density of vegetation patches (Zhou et al., 2011). Tree cover and spatial 
configuration of trees have varying effects on LST between cities in different climatic zones 
(Zhou et al. 2017). 
Compared to the larger number of studies examining the cooling effect of horizontal 
structure of urban vegetation, the lack of studies on vertical structure of urban vegetation is likely 
due to the lack of data to measure the vertical structure of urban vegetation. The development of 
light detection and ranging (LiDAR) technology provides the possibility to characterize urban 
vegetation vertical structure across cities. Discrete return LiDAR uses near-infrared laser pulses 
to measure the distance between a laser transmitter and ground features (Lefsky et al., 2002). 
LiDAR pulses primarily reflect off the ground, but also partially reflect off plant leaves and 
stems, thereby providing information about the presence and height of vegetation (Davies & 
Asner, 2014). LiDAR data are increasingly being used to survey vegetation structure at high 
spatial resolution over large areas (e.g., Varhola & Coops, 2013; Simonson et al., 2014), 
including cities (Goodwin et al. 2009). Both metrics derived from point cloud data and models 
generated from point cloud data have been used to address the vertical complexity of urban 
forest (Asner et al., 2011; Asner and Mascaro, 2014). 
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1.3 Problem Outlines and Research Objectives 
Considerable research has demonstrated that urban vegetation has significant cooling 
effect. Research examining the effects of urban vegetation structure on urban climate provides 
significant knowledge for urban vegetation management to alleviate UHI. Investigation of the 
cooling effect of the vertical structure of urban vegetation is rare and has been focused mainly on 
trees in a small plot (Morakinyo et al., 2016; Simpson, 2002), rather than how the complexity of 
the vertical structure of urban vegetation affects summer temperature at a city scale. Because the 
vertical complexity of urban vegetation has important effects on shading effect and surface 
roughness of urban vegetation, this knowledge gap limits our ability to effectively manage urban 
vegetation for UHI mitigation. 
Recent advancements and improvements in remote sensing data have moved the analysis 
closer to capture the vertical structure of urban vegetation at a city scale. Therefore, this research, 
aims to examine the cooling effect of vertical structure of urban vegetation, and to explore how it 
varies among cities. More specifically, this dissertation research tries to find answers to the 
following questions: (1) Does vertical structure of urban vegetation affect LST? (2) How does 
shade cast by urban trees cool down LST? and (3) how does surface roughness of urban trees 
affect LST in different cities? 
To answer these questions and to achieve the objectives of this research, three specific 
tasks are set forth, and each of these tasks will be discussed in detail in the following separate 
chapters: (1) Investigate the relationship between mean vegetation height and LST (Chapter 2). 
This chapter generally examined whether vertical structure of urban vegetation could cool down 
surface temperature or not. This result serves as the baseline knowledge for next two tasks in the 
following chapters. The correlation between pixel-level mean vegetation height and LST was 
quantified and analyzed in one city. (2) Quantify the spatial and temporal patterns of shade cast 
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by trees and examine the cooling effect of shade in two cities (Chapter 3). In this chapter, a 
hillshade function which can integrate tree height, tree cover, and location of the sun was used to 
quantify the temporal and spatial pattern of shade of urban trees. The cooling effect of shade was 
examined using correlation analysis and regression analysis. (3) Examine the effects of vertical 
structures related to surface roughness on LST in three cities (Chapter 4). Two vertical structure 
parameters of tree canopy are considered in the study: maximum canopy height and standard 
deviation of canopy height as they are key indicators of surface roughness. This chapter explores 
the effects of maximum tree height and standard deviation of tree height on LST using a variety 
of statistical analyses including correlation and regression analysis. 
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1Chapter 2 Assessing effects of urban vegetation height on land surface 
temperature in the city of Tampa, Florida, USA 
 
2.1 Introduction 
City-level adaptation strategies to mitigate urban heat island (UHI) have important 
economic and environmental benefits for most of the cities around the world. Planting vegetation 
in urban areas is popular to alleviate UHI effects (Bolund and Hunhammar, 1999; Susca et al., 
2011). The structure of vegetation affects temperature by directly or indirectly influencing water 
vapor transport, shading effect, solar energy absorption, and wind speed and direction. The two 
fundamental aspects of vegetation structure are horizontal and vertical structures. Attributes of 
the horizontal structure of vegetation such as vegetation cover, crown size, and crown shape all 
contribute to evaporative fraction and turbulent fluxes (Su et al., 2001). Height, as another major 
attribute of vegetation structure, and a primary determinant of surface roughness, has a 
significant influence on water vapor transport and convergence, wind speed, and shading area 
(Geier-Hayes et al., 1995; Maurer et al., 2015; Su et al., 2001; Sud et al., 1988). Therefore, 
understanding how vegetation height affects UHI would contribute to precise urban greenspace 
management approaches to alleviate UHI effects. 
Many studies have demonstrated the importance of the horizontal structure of urban 
vegetation in decreasing temperature (e.g., Alkama and Cescatti, 2016; Declet-Barreto et al., 
                                                 
1 A modified version of this chapter has previously been published. Please see Yu, Q., Acheampong, M., Pu, R., 
Landry, S. M., Ji, W., & Dahigamuwa, T. (2018). Assessing effects of urban vegetation height on land surface 
temperature in the City of Tampa, Florida, USA. International Journal of Applied Earth Observation and 
Geoinformation, 73, 712-720 for more details. 
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2016; Deilami et al., 2018; Susca et al., 2011; Weng et al., 2004; Wu et al., 2014). It is obvious 
that the greater the extent of vegetation cover is, the stronger the cooling effect would be. 
However, since cities have limited space to extend vegetation cover, reducing UHI effect by 
increasing vegetation cover might be impossible in many cities. Moreover, height is an attribute 
that is easier and less costly to manage (e.g. through pruning and selection of tree species) than 
vegetation cover. A better understanding of the relationship between vegetation height and LST 
would provide significant insight to efficient UHI mitigation. Contrary to research on the effects 
of vegetation cover, the effects of height on urban temperature have rarely been studied. A recent 
study conducted in Chicago, Illinois found that vegetation volume was associated with a 
reduction in summer nighttime temperature (Davis et al., 2016). Using Tampa, Florida as an 
example, this chapter aims to investigate the effects of vegetation height on LST so that it can be 
used to combat UHI effects and develop precise urban greenspace management plans. 
2.2 Study Site and Data Preparation 
2.2.1 Study site 
The study area is located in and surrounding the City of Tampa, Florida (27.9°N, 
82.5°W), with a total area of 350 km2 (Figure 2-1). The region is characterized by a humid, sub-
tropical climate with warm, wet summers and mild, dry winters. The extent of urban land use has 
increased approximately sevenfold during the last century in the Tampa Bay area (Xian and 
Crane, 2003; Xian and Crane, 2005). Due to rapid growth of the city over the past 40 years, 
impervious surface has expanded extensively into exurban zones and native forests (Xian and 
Crane, 2005), resulting in a heterogeneous landscape of impervious surface and urban 
vegetation. By 2006, the City of Tampa was comprised of 36% impervious surface, 58% 
vegetation (of which 29% is tree canopy), 2% water, and 4% bare land/soil (Landry and Pu, 
2010). 
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Figure 2-1. Tampa study area, Florida, USA. The study area is located in and surrounding the 
City of Tampa. World topography map sources: Esri, HERE, Garmin, Intermap, INCREMENT 
P, GEBCO, USGS, FAO, NPS, NRCAN, GeoBase, IGN, Kadaster NL, Ordnance Survey, Esri 
Japan, METI, Esri China (Hong Kong), swisstopo, MapmyIndia, © OpenStreetMap contributors, 
GIS User Community. 
 
2.2.2 Image data 
Datasets used in the study included Landsat 5 thematic mapper (TM) land surface 
reflectance (LSR) product, Landsat TM level-1 thermal infrared (TIR) product, Light Detection 
and Ranging (LiDAR), and high-resolution land cover map (Table 2-1). Landsat 5 TM products 
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(both LSR and TIR) acquired on May 2, 2006 were downloaded from the USGS EarthExplorer 
website. The LSR images were derived after applying the atmospheric correction routines of 
MODIS (the Second Simulation of a Satellite Signal in the Solar Spectrum, done by U.S. 
Geological Survey) to the original Landsat Thematic Mapper (TM) images. The resulting pixel 
value of the LSR data, ranging from 0 to 1, is a standardized reflectance factor of the land 
surfaces. The TIR product provides thermal infrared data at wavelengths from 10.4 µm to 12.5 
µm and was used to derive land surface temperature (LST). LiDAR data provided by South 
Florida Water Management District were used to obtain vegetation fraction and mean vegetation 
height. The first and last return of LiDAR data were used to produce digital surface models 
(DSM) and digital elevation models (DEM), respectively, using a binning average interpolation 
technique. Normalized digital surface model (nDSM), derived by subtracting the DEM from the 
DSM, is used to model the above ground height of vegetation (Figures 2-2 and 2-3). Land cover 
was mapped using object-based artificial neural network from IKONOS data acquired in April 
2006 (Landry and Pu, 2010). All data were acquired under a clear sky condition and projected to 
the same coordinate system (Florida West State Plane NAD83) and subset to the study area. 
 
 
Figure 2-2. The workflow of retrieving the normalized digital surface model (nDSM). Acronyms 
in this figure: DSM−digital surface model, DEM−digital elevation model, nDSM−normalized 
digital surface model. 
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(a)       (b) 
 
(c) 
Figure 2-3. An example showing (a) a subset of the study area, (b) the land cover map, and (c) 
normalized digital surface model. The height ranges from 0 m (blue) to 28 m (red). 
 
Table 2-1. Data description for the study of the effects of vegetation height on LST for Tampa 
Florida. 
 Description 
Acquisition 
Date 
Data source 
Spatial 
resolution (m) 
Land Surface 
Reflectance 
(LSR) 
product 
LSR image includes blue, 
green, red, near infrared, 
and shortwave infrared 
bands. 
May 2, 
2006 
USGS 30 
Thermal 
infrared 
(TIR) 
product 
The TIR image was 
resampled from 120 m to 
30 m by U.S. Geological 
Survey (USGS). 
May 2, 
2006 
USGS 30 
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Table 2-1 continued. 
 Description 
Acquisition 
Date 
Data source 
Spatial 
resolution (m) 
Land cover 
Land cover map was 
obtained from IKONOS 
image. Land cover types 
include tree canopy, other 
vegetation, bare sand/soil, 
water, and impervious 
surface. 
April 6, 
2006 
Landry and Pu et 
al. (2010) 
4 
Normalized 
Digital 
Surface 
Model 
(nDSM) 
Obtained by subtracting 
the digital elevation model 
from the digital surface 
model. 
January to 
February, 
2006 
Processed the 
LiDAR from 
Southwest 
Florida Water 
Management 
District 
1 
 
2.3 Methods 
Data analysis includes two main procedures: (1) retrieving LST, vegetation fraction, and 
mean vegetation height, and (2) exploring the relationships between LST and mean vegetation 
height (Figure 2-4). 
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Figure 2-4. The workflow of examining the relationships between vegetation structures and LST: 
(a) examining the correlations of LST with vegetation fraction and height, and (b) investigating 
the effects of variance of vegetation fraction and height on LST. 
Acronyms in this figure: nDSM−normalized digital surface model, and ANOVA–analysis of 
variance. 
 
2.3.1 LST retrieval using the radiative transfer equation (RTE) algorithm 
I calculated LST using the radiative transfer equation (RTE) algorithm (Fu and Weng, 
2016; Jiménez-Muñoz and Sobrino, 2006; Sobrino et al., 2004; Weng and Fu, 2014). According 
to the RTE algorithm, TIR radiance at wavelength λ can be expressed as (Sobrino et al., 2004): 
 𝐿𝑠𝑒𝑛𝑠𝑜𝑟,𝜆 = [𝜀𝜆𝐵𝜆(𝑇𝑠) + (1 − 𝜀𝜆)𝐿𝑎𝑡𝑚,𝜆
↓ ]𝜏𝜆 + 𝐿𝑎𝑡𝑚,𝜆
↑  (1)  
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where ελ is land surface emissivity (LSE), Bλ(Ts) is blackbody radiance at land surface 
temperature Ts (K), and 𝐿𝑎𝑡𝑚,𝜆
↓ , 𝐿𝑎𝑡𝑚,𝜆
↑ , and τλ are atmospheric parameters representing the 
downwelling atmospheric radiance, the upwelling atmospheric radiance, and the total 
atmospheric transmissivity between the surface and the sensor, respectively. The atmospheric 
parameters 𝐿𝑎𝑡𝑚,𝜆
↓ , 𝐿𝑎𝑡𝑚,𝜆
↑ , and τλ for each Landsat 5 TM scene were obtained from the NASA 
Atmospheric Correction Parameter Calculator (Barsi et al., 2003; Barsi et al., 2005). The LST 
can then be derived from Bλ(Ts) using Planck’s law: 
 
𝐵𝜆(𝑇𝑠) =
𝐶1
𝜆5[exp (
𝐶2
𝜆𝑇𝑠
) − 1]
 
(2)  
where C1 and C2 are constants (C1=1.191×10
8Wµm4sr-1m-2, C2=1.439×10
4μm·K). 
LSE (ελ) was estimated using the NDVI Thresholds Method (NDVITHM) proposed by 
Sobrino et al. (2008). NDVI was calculated from atmospherically-corrected red and near infrared 
bands of the Landsat 5 TM LSR product. The NDVITHM method assigns different emissivity to 
bare soil (NDVI < 0.2), full vegetation (NDVI > 0.5), and soil-vegetation-mixed pixels (0.2 ≤ 
NDVI ≤ 0.5): 
 
𝜀𝜆 = {
0.97,                                        𝑁𝐷𝑉𝐼  < 0.2  
0.004𝑃𝑣 + 0.986,        0.2 ≤ 𝑁𝐷𝑉𝐼 ≤ 0.5
0.99,                                         𝑁𝐷𝑉𝐼 > 0.5  
 (3)  
where 𝑃𝑣 is the fraction of vegetation and according to Carlson and Ripley (1997) can be 
estimated as: 
 
𝑃𝑣 = (
𝑁𝐷𝑉𝐼 − 𝑁𝐷𝑉𝐼𝑚𝑖𝑛
𝑁𝐷𝑉𝐼𝑚𝑎𝑥 − 𝑁𝐷𝑉𝐼𝑚𝑖𝑛
)
2
 (4)  
where 𝑁𝐷𝑉𝐼𝑚𝑖𝑛 and 𝑁𝐷𝑉𝐼𝑚𝑎𝑥 are 0.2 and 0.5, respectively. 
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2.3.2 Extraction of vegetation fraction and mean vegetation height 
Vegetation fraction and mean vegetation height were extracted by resampling the 
vegetation cover map and the nDSM of vegetation to the same spatial resolution of the LST 
image (resampled to 30 m). Resampling using the pixels of LST can ensure LST, vegetation 
fraction, and mean vegetation height to be geo-coregistered. Vegetation fraction value at each 
pixel stands for the fractional cover of vegetation including tree canopy and other vegetation. 
Mean vegetation height representing a vertical center of a canopy’s volumetric profile has been 
used in this study to represent vegetation height. It has been frequently used to represent plot-
level vegetation height (Asner et al., 2011; Asner and Mascaro, 2014). 
2.3.3 Statistical analyses 
A Pearson correlation matrix was used to examine the strength of the association between 
LST and mean vegetation height. For comparison, the correlation coefficient of LST with 
vegetation fraction was also calculated. This research also used multiple-linear regression 
analysis, where standardized coefficients (β) were used to compare the strength of the effect of 
vegetation fraction and height in predicting LST (Weng et al., 2006; Yan et al., 2014; Zhou et al., 
2011; Zhou et al., 2017). The higher the absolute value of the standardized coefficient is, the 
stronger the effect is. 
One-way analysis of variance (ANOVA) was further used and marginal means were 
estimated to examine the effects of variance of mean vegetation height on LST. One-way 
ANOVA was used to test whether the means of LST are significantly different between different 
classes/groups of vegetation cover and height. To achieve this, vegetation fraction and height 
were grouped into 15 groups. After trying different groupings, 15 groups were chosen, as they 
had the lowest intra-group variance, but highest inter-group variance. The analysis was done 
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using SPSS (IBM Corp. Released 2013. IBM SPSS Statistics for Windows, Version 22.0. 
Armonk, NY: IBM Corp.) 
2.4 Results 
2.4.1 LST, vegetation fraction, and height 
LST ranged from 292.40 K (19.25 °C) to 324.15 K (51.00 °C) in the City of Tampa 
(Figure 2-5(b)). UHIs can be observed in the downtown area (close to south of Tampa), near 
University of South Florida, around the two airports (Tampa International Airport and MacDill 
Air Force Base; south of Tampa; Figure 2-5(a) and (b)), and along the main roads. The “oases”, 
where LST was about 20 K less than the UHIs, are located in south Tampa near the water, the 
neighborhood parks, and the natural reserves in the north. Spatial pattern of vegetation 
corresponds well to LST, where cover was highest in the north and lowest in the south (Figure 2-
5(c)). Other small clusters of vegetation were also found along the Hillsborough River and 
around the southern peninsula area near the MacDill Air Force Base. The overall mean 
vegetation height in the study area was approximately 5.14 m. Most of the taller trees (>10 m) 
were located in the preserved area in the northeast (Figure 2-5(d)). 
2.4.2 Correlation of LST with vegetation fraction and mean vegetation height 
Results of Pearson correlation analysis showed that both vegetation fraction and 
vegetation height were negatively correlated with LST. Vegetation height had a higher 
significant correlation with LST (correlation coefficient = −0.579) compared to vegetation 
fraction (correlation coefficient = −0.479). The standardized coefficients (β) of multiple 
regression analysis also indicated mean vegetation height (β = −0.452) as a stronger predictor of 
LST than vegetation fraction (β = −0.235) (Table 2-2). 
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(a)     (b) 
 
(c)     (d) 
Figure 2-5. (a) points of interest of the study area, (b) land surface temperature (LST), (c) 
vegetation fraction, and (d) mean vegetation height. Points of interest in (a): (1) downtown 
Tampa, (2) University of South Florida, (3) Tampa International Airport, (4) MacDill Air Force 
Base, (5) Lettuce Lake Park a natural forest, and (6) a forest preserve. Yellow circles are UHIs, 
while green circles are oases. 
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Table 2-2. Multiple-linear regression analysis results about vegetation height and LST for 
Tampa. 
 Coefficient Standardized coefficient (β) 
Constant 310.835**  
Vegetation fraction −3.008** −0.235 
Mean vegetation height −0.532** −0.452 
** p < 0.01. Model adjusted r2 = 0.347. 
 
2.4.3 Effects of vegetation fraction and mean vegetation height on LST 
One-way ANOVA analysis showed a statistically significant difference in mean LST 
between the different groups of vegetation fraction (p < 0.05). Mean LST decreases with 
increasing vegetation fraction. Noticeably, the estimated marginal means of LST decreases at a 
relatively consistent rate when vegetation fraction is below 93.33%, while it decreases sharply 
when vegetation fraction is above 93.33% (Figure 2-6). The result indicated that the greatest 
amount of cooling effect was achieved when vegetation fraction was higher than ~93.33%. 
 
 
Figure 2-6. Estimated marginal means of LST for different groups of vegetation fraction. 
 
On the other hand, significant difference in mean LST was also found between different 
groups of mean vegetation height (p < 0.05) for vegetation height less than 20 m. LST decreases 
22 
 
at an increasing rate with tree height and is optimized with a tree height of 20 m before 
plateauing. The estimated marginal means of LST has a much higher decreasing rate when mean 
vegetation height is less than 20 m, while height greater than 20 m has a decreasing rate close to 
zero (Figure 2-7). 
 
 
Figure 2-7. Estimated marginal means of LST for different groups of mean vegetation height. 
 
2.5 Discussion 
Vegetation height engenders a significant effect on the magnitude of LST. Building on 
the findings of Davis et al. (2016), this study expands our scientific understanding of the effects 
of vegetation vertical structure on LST in urban landscapes by explicitly describing the 
quantitative relationship between LST and the vegetation height. The results have important 
theoretical and management implications as they provide urban planners and natural resource 
managers a better insight into increasing efficiency of UHI mitigation strategies through 
balancing the lateral and vertical requirements of vegetation in the urban environment. 
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2.5.1 Theoretical implications 
While previous studies have examined the effect of vegetation cover on LST (e.g., Chen 
et al., 2006; Weng et al., 2004; Yuan and Bauer, 2007), little is known about the role of 
vegetation height on LST. This chapter compared the correlations between LST and vegetation 
height with that of cover. Results showed that vegetation height has a comparable effect on 
decreasing LST as vegetation cover. A recent study by Davis et al. (2016) suggested that 
vegetation volume (which considers both the lateral and vertical structure of vegetation) explains 
the variations of LST. In line with their result, our study highlights the importance of the vertical 
structure of vegetation in UHI mitigation in urban landscapes. The significant cooling effect of 
vegetation height is possibly related to the influence of vegetation height on surface roughness of 
urban landscape, shading effect, air dispersion, and wind velocity (Nowak et al., 1998). Surface 
roughness of urban landscape drives the microclimate fluctuations as it affects the airflow and 
wind speed (Counehan, 1971; Gál and Sümeghy, 2007; Lin et al., 2017). Short trees cast less 
shading effect on the nearby impervious surface or buildings than tall trees, which can cover the 
roof and the windows to cool down the temperature of buildings (Simpson and McPherson, 
1998). Vegetation height exerts an important influence on wind velocity which is critical in 
controlling local temperature fluctuations. While shrubs and grass barely alter wind speed, the 
vertical distribution of tree canopy does changes wind velocity (Geiger, 1958; Hall et al., 1958; 
Heisler, 1990). 
Our results underscore the point that there are significant differences in LST between the 
different levels of vegetation fraction and vegetation height. Hitherto, our knowledge has been 
limited to the fact that increasing vegetation cover leads to reduction of temperature. However, 
our results show that this reduction may be more significant for vegetation cover above 93.33%. 
It is likely because very high vegetation cover (more than 93.33%) can effectively block most of 
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the solar radiation from reaching the impervious surfaces, which have high thermal conductivity 
that can increase the area of heating far beyond the point of incidence of sun’s radiation (Kodur, 
2014). Studies have previously demonstrated this effect by showing that parks and reserved areas 
with a lot of vegetation have remarkable cooling effects (Cao et al., 2010; Gaffin et al., 2008; Yu 
and Hien, 2006). This study found that LST decreased steadily with increasing mean vegetation 
height when height was less than 20 m. The decreasing rate was close to zero for mean 
vegetation height higher than 20 m. This result suggests that mean vegetation height would also 
affect LST and the cooling effect increases with height. It is worth noting that vegetation height 
decreases LST at a constantly increasing rate and is optimized at 20 m before plateauing, in 
which case the cooling effect of a vegetation patch with mean height of 20 m would be similar to 
a vegetation patch with a height of 25 m. This is possibly because very tall trees are those tree 
species which gain height by compromising leaf area (e.g., palm tree and pine tree), which is one 
of the key controls on the capability of evapotranspiration (Zhang et al., 2001). It is also worth 
noting that the correlation of vegetation structure could vary among cities of different climate 
regions (Spronken-Smith and Oke, 1998). Different climatic conditions may significantly 
influence the amplitude of the effects of UHI. Meanwhile, vegetation structure, especially height, 
seems to be different under different climatic conditions. For instance, trees in Seattle 
Washington with a cold and wet climate are usually much taller than those in Tampa that has a 
humid tropical weather. Therefore, the cooling effect of vegetation structure may not be 
consistent among cities (Zhou et al., 2017). Although vegetation height has a slightly stronger 
correlation with LST than vegetation cover in the city of Tampa, the correlation could vary 
among cities in different climate regions. A better understanding of the cooling efficiency of 
vegetation in urban areas could be achieved with future research that includes a comparison 
among cities from different climatic regions. 
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This research has its limitations. Keeping different sources of data consistent in time is 
important. Since vegetation changes in leaf area and canopy gap by seasons (Pettorelli et al., 
2005), height information obtained from LiDAR data acquired in winter (e.g. January or 
February in Tampa, Florida) may not accurately represent the canopy height variance in early 
summer (e.g., April or May). Meanwhile, the different spatial resolution of height information 
and land cover may lead to uncertainties in mean vegetation height estimation, which is very 
common with remote sensing techniques. Our suggestion for similar study is using vegetation 
cover and height information from data acquired at similar time and with similar spatial 
resolution. LiDAR data acquired in summer, if available, can provide height measurement and 
land cover (O'Neil-Dunne et al., 2013). 
2.5.2 Management implications 
Numerous studies have demonstrated that areas dominated by large amount of vegetation 
such as nature reserves and parks can increase thermal comfort of their neighborhood (e.g., Cao 
et al., 2010; Spronken-Smith and Oke, 1998; Yu and Hien, 2006). Our results are consistent with 
those studies that very high vegetation cover is more efficient in UHI mitigation. However, 
gaining that amount of vegetation cover in urban areas is extremely difficult for most cities. Even 
worse, instead of gaining more green space, many cities are losing their vegetation as a result of 
urbanization (Nowak and Greenfield, 2012). How to augment the cooling effect of vegetation in 
the very limited space in cities is thus challenging for many urban planners. Our results showed 
that vegetation height has a significant effect on LST, which suggests that a city might need not 
only to just spread out green space, but also to consider the height of vegetation. This would be 
extremely important for compact cities which often have limited space to expand their vegetation 
cover. At this point, although there are plenty of species of trees, only a few make good trees in 
cities (Pottstown Trees Inc, 2018). Tree species with high and large canopy would be preferable 
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in urban areas as they can provide shade for streets and buildings and reduce the temperature of 
the air below. Furthermore, maintaining and nurturing existing mature big trees would be more 
efficient and necessary. 
2.6 Conclusion 
Urban Heat Island is a growing problem worldwide. Mitigation of UHI is necessary for 
cities to adapt to climate change and enhance sustainable development at an urban scale. Cooling 
cities with urban vegetation management is a sustainable solution for urban heat mitigation. 
Enhancing the cooling effect of urban vegetation requires a comprehensive understanding of how 
vegetation structure affects UHI. It has been widely recognized that increasing vegetation cover 
can reduce land surface temperature in urban areas. However, the effect of vegetation height on 
temperature has rarely been examined. Our study demonstrated that vegetation height had a 
comparable effect on decreasing LST as vegetation cover. Although very high vegetation cover 
can significantly reduce LST, it is extremely difficult to achieve such high vegetation cover in 
cities. Our results indicated that increasing vegetation height has the potential to enhance cooling 
efficiency with the least amount of vegetation cover. Therefore, this study would provide 
important insights into precise urban greenspace strategies to mitigate UHI. 
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Chapter 3 A preliminary exploration on the cooling effect of tree shade in 
urban landscapes 
 
3.1 Introduction 
Shading is one of the most important functions provided by urban trees to mitigate UHI 
(Armson et al., 2013; EPA, 2018a). Tree shade can lower surface temperature by reducing the 
storage and convection of heat by the land surface through blocking unwanted solar radiation 
from striking onto the ground and buildings (Berry et al., 2013; Morakinyo et al., 2016). For 
example, shaded surfaces can be 11 – 25 °C cooler than the peak temperature of unshaded ones 
in hot summer (Akbari et al., 1997). Shade provided by trees can reduce the mean radiant 
temperature at the street level, which is one of the key determinants of thermal comfort of urban 
residents (Hwang et al., 2011). Shade cast by trees not only cools down temperature for the 
shaded area, it also benefits thermal control by reducing energy consumption for cooling, which 
would eventually lead to the reduction of carbon dioxide production (Akbari, 2002; Balogun et 
al., 2014; Morakinyo et al., 2016; Hwang et al., 2017). For a single house, shade cast on a wall or 
roof can lower the surface temperature and thus decrease the energy required for cooling down 
the entire building (Akbari et al., 2001; Akbari, 2002; Armson et al., 2012; Donovan and Butry 
2009). Akbari (2002) observed that carbon emission from power plants saved as a result of 
reduced cooling requirements associated with tree shade is considerably higher than the amount 
of carbon sequestered by trees. 
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Tree shade varies both spatially and temporally, which is often neglected in earlier 
studies of tree shade (e.g., Akbari, 2002; Armson et al., 2012; Balogun et al., 2014; Berry et al., 
2013; Middel et al., 2016; Morakinyo et al., 2016). Most natural events and human activities 
vary from location to location. In urban landscapes, trees are characterized by heterogeneous 
distribution both horizontally and vertically (Wu et al., 2011). Together with the daily movement 
of the sun, the complex spatial and vertical pattern of trees contributes to the spatiotemporal 
variation of shade. Typically, trees with bigger crowns provide more shade than smaller ones, 
while tree height determines the spatial extent of shade. The amount of shade also varies with 
sun altitude, which means that shade decreases from sunrise to noon and then increases from 
noon to sunset. Additionally, previous research examining the cooling effect of tree shade was 
mainly conducted at small plots with only a few buildings and at a single point of time (e.g., 
Akbari et al., 1997, 2001, 2002; Berry et al., 2013; Balogun et al., 2014; Hwang et al., 2017; 
Middel et al., 2016; Simpson, 2002). 
The spatial and temporal variation of shade leads to different cooling effects. At any 
single point of time of a day, surface temperature is mainly determined by the thermal inertia of 
ground objects and the amount of solar radiation received (Ryu and Baik, 2012). As ground 
objects absorb shortwave radiation from the sun and emit longwave radiation, surface 
temperature begins to rise when the absorbed shortwave radiation becomes greater than 
longwave emission (Haby, 2011). Impervious surface (i.e., buildings and pavements) often has a 
higher thermal inertia than natural objects such as trees, grass, water, and soil, thus these 
manmade surfaces often contribute the most to the UHI effects (Martinkauppi et al., 2015; Ryu 
and Baik, 2012). The spatial and temporal pattern of shade can regulate the amount of solar 
radiation received by impervious surface. The more solar radiation blocked by shade, the less 
energy will be absorbed and stored into ground objects. Quantifying how the spatiotemporal 
29 
 
variation of shade affects surface temperature is crucial to maximize the benefits of planting trees 
as a strategy to cool down the temperature in cities. 
Tree canopy and sky view factor have been used to estimate the amount of tree shade (Li 
et al., 2018; Li and Ratti, 2018). Tree canopy only captures the 2-dimensional cover of tree 
crowns, which cannot accurately reflect the distribution of shade as it lacks the vertical 
dimension needed to estimate the path of sunlight. Sky view factor estimates the amount of shade 
cast by buildings and street trees by calculating their fraction in a planar surface (Hwang et al., 
2011; Lee et al., 2013; Lin et al., 2012). Compared to tree canopy, sky view factor improves the 
estimation of shade because it considers the amount of sunlight that is blocked from the ground. 
Nevertheless, sky view factor cannot fully capture the variance of shade as it does not consider 
the movement of the sun. As a result, neither tree canopy nor sky view factor can quantify the 
temporal patterns of tree shade. 
The cooling effect of tree shade may also vary from city to city due to the differences in 
their locations and structures. The spatial arrangement of land cover, especially the spatial 
arrangement of trees and buildings, varies between cities as a result of both natural environment 
and social-economical decisions (Spronken-Smith and Oke, 1998; Zhou et al., 2017). For 
example, many trees are planted in strips in front of commercial buildings in Las Vegas, Nevada 
while trees are more clustered in Phoenix, Arizona (Myint et al., 2015). Similarly, cities with 
higher density of buildings may leave little space for planting trees, while less compacted cities 
would have more green space. Additionally, high-rise buildings are unlikely to be covered by 
tree shade above the bottom few stories (e.g., depending on tree heights). Therefore, urban 
structure largely affects the distribution of tree shade and thus its cooling effect. As a main 
source of ground heat, solar radiation is one of the drivers of the differences in the cooling effect 
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of tree shade between cities. Trees at high latitudes have longer shade than those at lower 
latitudes due to sun altitude (Murmson, 2018). 
Current research lacks the quantification of spatiotemporal variation of tree shade and the 
comparison between cities is also needed to develop efficient UHI mitigation strategies for 
different cities. This chapter aims to quantify the spatial and temporal pattern of tree shade and 
examine its cooling effect in different cities. More specifically, this study first quantified both the 
spatial and temporal patterns of tree shade at a city scale using Hillshade function. The study 
then compared the cooling effect of tree shade between two cities in the U.S. (New York City, 
New York and Tampa, Florida) by examining the relationship between shade and land surface 
temperature (LST). 
3.2 Study Area and Data 
3.2.1 Study areas 
The two cities selected in this study are different both in their locations and structures 
(Figure 3-1). Tampa, Florida (27.9°N, 82.5°W) has a humid subtropical climate with relatively 
wet and hot summer, while New York City (NYC, 40.7°N, 74.0°W) has a humid continental 
climate with warm summer (Kottek et al., 2006). These two cities also have very different urban 
structures (Table 3-1). NYC has a high density of buildings of which a large proportion are high-
rise buildings (MacFaden et al., 2012). In contrast, Tampa is characterized by lower buildings 
and larger tree canopy cover. Therefore, using these two cities allows us to examine how the 
cooling effect of tree shade is affected by the urban structure. 
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Table 3-1. Basic information about urban settings of Tampa, Florida and New York City, New 
York. 
 Population Land area 
(km2) 
Population 
per km2 
Households Tree canopy 
cover (%) 
Impervious cover 
(%) 
Tampa 335,709 113.41 2,960.2 135,955 29  36  
NYC 8,175,133 302.64 27,012.5 3,109,784 20  58  
** Tree cover and impervious cover are from MacFaden et al., 2012 for New York and Landry et 
al., 2013 for Tampa. 
 
 
Figure 3-1. Study sites: Tampa Florida and New York City New York. 
 
3.2.2 Data 
3.2.2.1. Land Surface Temperature (LST) 
Landsat 5 thematic mapper (TM) products (both optical and thermal) were downloaded 
from the USGS Earth Explorer website (https://earthexplorer.usgs.gov). Landsat 5 TM data were 
acquired around 10:30 local time. The land surface reflectance (LSR) images were derived after 
32 
 
applying the atmospheric correction routines of MODIS (the Second Simulation of a Satellite 
Signal in the Solar Spectrum, done by U.S. Geological Survey, USGS) to the original Landsat 
TM images. The resulting pixel value of the LSR data, ranging from 0 to 1, is a standardized 
reflectance factor of the land surfaces. The thermal infrared (TIR) product provides thermal 
infrared data at wavelengths from 10.4 µm to 12.5 µm and was used to derive LST. Landsat 5 
TM data for Tampa and NYC were acquired on April 30, 2011 and August 29, 2010, 
respectively, as a compromise of acquisition time of other datasets and data quality (Table 3-2). 
 
Table 3-2. Research data used to examine the effects of shade in Tampa, Florida and New York 
City, New York: land surface temperature, land cover, and normalized Digital Surface Model. 
 Description Acquisition 
Date 
Data source Spatial 
resolution 
(m) 
Land Surface 
Reflectance 
(LSR) 
products 
LSR image includes 
blue, green, red, near 
infrared, and shortwave 
infrared bands. 
04/30/2011 
(Tampa), 
08/29/2010 
(New York 
City) 
USGS 30 
 
Thermal 
infrared 
(TIR) 
products 
The TIR image was 
resampled from 120 m 
to 30 m by U.S. 
Geological Survey 
(USGS). 
USGS 30 
Land cover  Land cover map was 
obtained from LiDAR 
data by object-based 
classification. Land 
cover types include tree 
canopy, other 
vegetation, bare 
sand/soil, water, and 
impervious surface. 
January 2011-
February 2011 
(Tampa), 
04/14/2010-
05/01/2010 
(New York 
City) 
Data for New 
York City was 
provided by 
O'Neil-Dunne 
from University of 
Vermont and data 
for Tampa was 
provided by 
Landry et al., 
2013. 
 
0.31 
(Tampa), 
0.7 (New 
York City) 
Normalized 
Digital 
Surface 
Model 
(nDSM) 
Obtained by subtracting 
the digital elevation 
model from the digital 
surface model. 
Land cover maps were generated by O'Neil-Dunne et al., 2013 for New York City and by Landry 
et al., 2013 for Tampa. 
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3.2.2.2. Spatial pattern of land cover and tree height 
Land cover map and normalized Digital Surface Model (nDSM) were used to obtain tree 
canopy cover and tree height, respectively. The spatial pattern of land cover and nDSM were 
derived from point cloud Light Detection and Range (LiDAR) data (Figure 3-2, see page 34). 
Land cover was generated using object-based image classification methods that utilized aerial 
imagery, LiDAR, and ancillary data (Landry et al., 2013; MacFaden et al., 2012; O'Neil-Dunne 
et al., 2013; O'Neil-Dunne et al., 2014). nDSM represents the absolute height of an object by 
subtracting digital terrain model from digital surface model, which is obtained from the last and 
first return of point cloud LiDAR. Tree canopy was derived from the land cover map, and tree 
height was obtained by combining tree canopy cover and nDSM. The spatial resolutions of tree 
canopy cover and tree height for Tampa and NYC were 0.31 m and 0.70 m, respectively. 
Average tree canopy cover and tree height were 33% and 9.5 m for Tampa and 22% and 9.04 m 
for NYC, respectively. All remote sensing data were acquired under a clear sky condition and 
projected to the associated local coordinate system (Florida West State Plane NAD83 for Tampa 
and New York Long Island State Plane NAD83 for NYC) and subset to the study areas. 
3.3 Methods 
To explore and compare the cooling effect of shade cast by trees in NYC and Tampa, this 
chapter integrated the idea of a shade relief (e.g., hillshade) to quantify the spatiotemporal 
pattern of shade. The cooling effect of shade was then examined by investigating the relationship 
between LST and shade in the two cities. 
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   (a)     (b) 
 
   (c)     (d) 
Figure 3-2. Distribution of tree canopy cover and height in Tampa Florida and New York City 
New York. Land cover in Tampa (a) and NYC (b). Normalized Digital Surface Model (nDSM) 
in Tampa (c) and New York City (d). nDSM in Tampa and New York City are shown with the 
same range from 0-26 m. 
 
3.3.1 Modelling shade using the hillshade function 
Hillshade, which considers the relative position of the sun, is a function to create a 
shaded relief, the grayscale presentation of the surface (ESRI Developer Network, 2018). This 
function quantifies shade and illumination condition at a pixel scale by combining the sun’s 
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location and topography of the focal pixel and its neighboring pixels (details of the algorithm can 
be found in ESRI Developer Network, (2018). According to this function, a pixel would be 
covered by shade and the hillshade value for this pixel would be 0 if objects in nearby pixels 
block the sunlight. Otherwise, the pixel would be exposed to sunlight and the hillshade value 
would range from 1 to 254 (where 254 is full sun). To integrate this function into shade 
quantification, value 0 of hillshade was set as 1 (shade), and value larger than 0 was set as 0 
(non-shade). Given the illumination angel (altitude) and direction (azimuth), this function can 
capture the amount of shade cast on a surface at any time. The altitude and azimuth angles of the 
sun can be calculated using latitude, solar declination, and solar hour angle (more details can be 
found in NOAA, 2018). The “Tools for costumers and designers of solar” 
(https://www.sunearthtools.com/) was used to calculate the altitude and azimuth angles. With the 
location of the sun and the surface height from nDSM, shade cast on a surface at any time can be 
quantified using Hillshade function in ArcGIS (ESRI 2017. ArcGIS Desktop: Release 10.5 
Redlands, CA). Shade was calculated with altitude and azimuth angles at every thirty minutes 
from sunrise to the acquisition time of LST data (~10:30). Shade from 7:00 to 10:30 was then 
calculated with an interval of thirty minutes for both cities. 
The main challenge of using hillshade function in this study was the separation of tree 
shade from shade cast by other ground objects (mainly buildings). Since shade cast on a pixel is 
created by the tallest objects in the direction of sunlight, shade should be created by trees when 
they are the tallest object in the direction of sunlight. To exclude shade created by other ground 
objects besides trees, the land cover map was integrated with the azimuth angel which depicts the 
direction of sunlight. Shade cast on a pixel was considered as cast by trees only when the tallest 
ground objects were trees within the 8 nearest neighboring pixels in the direction of sunlight 
(Figure 3-3). 
36 
 
 
 
Figure 3-3. Center (target) pixel and its 8 neighboring pixels. Shade cast on pixel e is considered 
as tree shade only the tallest objects in pixel f are trees. 
 
3.3.2 Investigating the cooling effect of shade 
The cooling effect of tree shade was evaluated by examining its relationship with LST 
through correlation and regression analysis. For each city, the modeled shade at every thirty 
minutes from 7:00 to 10:30 were used as explanatory variables in correlation and regression 
analysis. Percent shade were generated by zoning modeled tree shade to the same spatial 
resolution of LST (30 m). Zoning shade results using the pixels of LST can ensure LST and 
shade to be geo-coregistered. Percent shade at each pixel stands for the fractional cover of tree 
shade. The pairwise correlation was first calculated between shade at each time and LST using 
Pearson Correlation analysis. The decision tree regression was then used to investigate the effect 
of shade on LST. 
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Decision tree builds regression model in the form of a tree structure. It breaks down the 
dataset into small clusters. The result is a tree with decision nodes and leaf nodes. The decision 
nodes display the rules splitting response variables (in our case LST) into subsets, and each leaf 
node shows the means of response variables of the clusters. A cost complexity (which is used to 
control the tree size and to avoid over-fitting) value of 0.01 was used in this study. Decision tree 
has been proved to be able to discover the most important explanatory variables and their 
interactions (Kazemitabar et al., 2017). Two decision tree regression analyses were conducted 
for each city: a first regression analysis using shade results only to find the most important 
indicator of LST, and a second regression analysis using shade results and land cover types 
(including tree, grass, and impervious surface) within each pixel to understand the interaction 
between shade and land cover types. 
3.4 Results and analyses 
3.4.1 Spatiotemporal pattern of shade and LST in the two cities 
3.4.1.1. Shade amount 
Sunrise was at 6:50 and 6:20 in Tampa and NYC, respectively, on the day of data 
acquisition (04/30/2011 and 08/29/2010, respectively). In both cities, while the percent shade 
cover was negatively correlated with the location (altitude) of the sun, percent shade cover 
differed greatly between the two cities (Figure 3-4, 3-5). In NYC, tree shade ranged from 
41.05% to 18.77% from 7:00 to 10:30 while tree shade varied from 29.49% to 19.10% in Tampa 
(rewrite to describe how shade changes with time in both cities). 
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Figure 3-4. Sun altitude (°) and shade (%) in Tampa, Florida on 04/30/2011. 
 
 
Figure 3-5. Sun altitude (°) and shade (%) in New York City, New York on 08/29/2010. 
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3.4.1.2. Spatiotemporal variance of shade 
For both NYC and Tampa, shade varied greatly in space. At 10:30 (when Landsat LST 
data were acquired), percent shade cover was higher in NYC than in Tampa (Figure 3-6). 
Compared to NYC, shade in Tampa was more clustered, especially in the north region of the city 
(Figure 3-6). Temporal variability was also captured by the hillshade function as the amount, 
direction, and length of shade all changed from sunrise to sunset (Figure 3-7, see page 42). As 
expected, the simulated shade, following the altitude angle of the sun, moved from west to east 
and the length of shade was shortened and then lengthened from sunrise to sunset (Figure 3-7, 
see page 42). 
To examine the efficiency of the hillshade function, the simulated shade cast by both 
trees and buildings (11:00 on 04/30/2011) was compared with actual shade obtained from photos 
taken (11:00 on 10/21/2017) on University of South Florida campus in Tampa, Florida (Figure 3-
8, see page 43). As the sun’s altitude angles were similar on both days, our results showed that 
the simulated shade was able to capture the distribution of shade of different urban objects such 
as small trees in parking lot, big trees on road side, and buildings in real world. 
3.4.2 Effects of shade on LST 
Statistical analysis revealed both similarities and differences of the cooling effects of tree 
shade on LST between the two selected cities. In general, tree shade was negatively correlated 
with LST in both Tampa and NYC. The correlations between LST and tree shade, however, were 
generally stronger in Tampa than in NYC. Furthermore, as indicated by the decision tree 
regression analysis, the magnitude of the effect of tree shade on LST was different between the 
two cities. Detailed results are presented below. 
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(a)      (b) 
Figure 3-6. Shade distribution at 10:30 in Tampa Florida (a) and New York City New York (b). 
The figures illustrate hillshade for both cities. A value of 0 (blue) stands for shade (100%). 
 
3.4.2.1. Correlation between LST and tree shade 
Correlation between tree shade and LST was negative (p<0.01) and increased from 07:00 
to 10:30 in both cities (Table 3-3). Generally, tree shade has a stronger correlation with LST in 
Tampa than in NYC. Results of Pearson correlation analysis also showed significant correlation 
between LST and land cover types (tree canopy, grass/shrub, and impervious surface, Table 3-4). 
Tree canopy cover and grass/shrub were negatively correlated with LST while impervious 
surface had a positive correlation with LST in both cities. 
3.4.2.2. The effect of tree shade on LST 
Decision tree regression analyses with shade only showed that tree shade had a stronger 
cooling effect in Tampa than in NYC (Figure 3-9, see page 44). Tree shade explained ~48% and 
~33% of the variance of LST in Tampa and NYC, respectively (Figure 3-9, see page 44). Tree 
shade at 07:30 was the most significant factor affecting LST in both cities. Tree shade at 10:30 
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and 09:00 intensified the effects of tree shade at 07:30 in Tampa while tree shade at 10:30 
enhanced the effect of tree shade at 07:30 in NYC. 
Decision tree regression analysis with both shade and land cover types showed that in 
general, tree shade and land cover had a stronger cooling effect in Tampa than in NYC (Figure 3-
10, see page 45). Tree shade and land cover explained ~53% and ~48% of the variance of LST in 
Tampa and NYC, respectively. In Tampa, while tree shade at 07:30 was still the main factor in 
influencing LST, the cooling effect was the strongest in areas with high tree canopy cover 
(>=78%) and the weakest in areas with high impervious surface cover (>=41%, Figure 3-10, see 
page 45). Impervious surface cover exerts the strongest positive effect on LST in NYC, but this 
warming effect was lessened to some degree by tree shade (>=81%) and tree canopy cover 
(>=86%). 
 
Table 3-3. Pearson correlation coefficients between LST and tree shade (%) from 07:00 to 10:30 
with an interval of 30 minutes in Tampa, Florida and New York City, New York. 
 07:00 07:30 08:00 08:30 09:00 09:30 10:00 10:30 
Tampa -0.50** -0.60** -0.61** -0.60** -0.60** -0.60** -0.61** -0.61** 
New York City -0.48** -0.50** -0.50** -0.50** -0.50** -0.50** -0.51** -0.51** 
** Correlation is significant at the 0.01 level (2-tailed); Column headers are shade simulated 
from 07:00 to the acquisition time of LST (10:30) with an interval of 30 minutes. 
 
Table 3-4. Pearson correlation coefficients between LST and land cover (%) in Tampa, Florida 
and New York City, New York. 
 Tree Canopy Grass/Shrub Impervious surface 
Tampa -0.64** -0.14** 0.60** 
New York City -0.53** -0.26** 0.61** 
** Correlation is significant at the 0.01 level (2-tailed). 
 
42 
 
 
Figure 3-7. Examples showing estimated hillshade on University of South Florida campus in 
Tampa Florida from 8:00 to 19:00 with an interval of one hour on 4/30/2011. 
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Figure 3-8. Simulated shade on 4/30/2011 compared to real shade (inserted photos) on 
10/21/2017 at 11:00 on the campus of University of South Florida, Tampa Florida. 
 
3.5 Discussion 
At small spatial scales, the cooling effect of urban trees was mainly provided by their 
shade. Understanding the cooling effect of tree shade can provide critical insights into UHI 
mitigation strategies. Particularly, examining the cooling effect of shade cast by urban trees at 
the scale of a city is needed for whole-city UHI mitigation strategies. This study quantified tree 
shade with a hillshade function in Tampa and NYC, and analyzed the cooling effect of shade 
using statistical analyses. 
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(a) 
 
(b) 
Figure 3-9. Regression tree between tree shade quantified from 07:00 to 10: 30 at every 30 
minutes and land surface temperature (LST) in Tampa (a) and NYC (b). Branches are labelled 
with classification criteria. Values in leaf nodes (ellipses) are mean LSTs of the corresponding 
branches. 
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(a) 
 
(b) 
Figure 3-10. Regression tree between tree shade quantified from 07:00 to 10: 30 at every 30 
minutes and land cover (tree, grass/shrub, and impervious surface) and land surface temperaure 
(LST) in Tampa Florida (a) and New York City New York (b). Branches are labelled with 
classification criteria. Values in leaf nodes (ellipses) are mean LSTs of the corresponding 
branches. 
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3.5.1 Quantification of shade 
The lack of quantification of spatial and temporal pattern of tree shade represents a real 
and important hurdle to understand its cooling effect in urban areas. This study provided a 
reliable and accurate quantification of the spatiotemporal pattern of tree shade using hillshade 
function with nDSM derived from LiDAR data. Following the idea of shade simulation for a 
single tree (Simpson, 2002), the hillshade function was able to accurately estimate the amount of 
shade by directly simulating the exact path of sun light using both sun location and tree height. 
Compared to existing methods such as tree canopy cover and sky view factor methods (Simpson, 
2002; Berry et al., 2013; Li et al., 2018; Li and Ratti, 2018), the hillshade function can capture 
the spatial distribution of shade at an any given time. Shade characterized by tree canopy cover 
only considers the area under tree crowns (Li et al., 2018), which fails to capture the actual 
distribution of shade. Sky view factor method also ignores the movement of the sun, thus fails to 
obtain the actual temporal pattern of tree shade. Given the availability of LiDAR data of cities, 
the quantification of the spatiotemporal pattern of tree shade was extended from plot- (Simpson 
2002; Berry et al., 2013) or street-scale (Li et al., 2018; Li and Ratti, 2018) to the whole city, 
which makes it possible to examine the cooling effect of tree shade at the city scale and to 
contrast the cooling efforts of shade between cities. 
3.5.2 Cooling effect of shade 
Tree shade showed significant cooling effect in both Tampa and NYC (Table 3-3). Tree 
shade cast on surface of buildings or ground can bock the sunlight. Man-made materials covering 
by shade absorb less solar energy than these exposed to sunlight. The more shade cast on surface, 
the lower the surface temperature would be. Our results also indicated that tree shade at 07:30 
was the most important in regulating LST in both cities (Figure 3-9, see page 44). As land 
surface absorbs shortwave solar radiation and emits longwave radiation, surface temperature 
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begins to rise when the incoming shortwave radiation becomes greater than longwave emission 
(Haby, 2011; June et al., 2017). The increase rate of surface temperature can be attributed to both 
shading (Armson et al., 2012) and thermal inertia of ground objects (Aït-Mesbah et al., 2015), 
which is usually the highest in the first few hours after sunrise when heat absorption is the 
highest (Hoyano et al., 1999). Therefore, whether a surface area is shaded or not in early 
morning (in our case tree shade at 07:30) plays an important role in determining the amount of 
solar energy it absorbs and subsequently, its surface temperature. 
The cooling effect of tree shade is also affected by city structures. When land cover was 
considered in addition to tree shade, the interaction between these two factors created different 
cooling effect on LST in different cities (Figure 3-10, see page 45). NYC has a high density of 
high-rise buildings and relatively low tree canopy cover. Most of the green spaces are centered in 
parks. Meanwhile, the density of buildings is lower in Tampa and the city also has a relatively 
high tree canopy cover. Most of the trees are found in parks, natural reserved area, and 
residential areas close to buildings. Impervious surface has a higher thermal inertia and lower 
moisture availability than trees (Buyantuyev and Wu, 2010; Ryu and Baik, 2012). The large 
thermal inertia of impervious surface means a high capability to absorb and store heat of 
shortwave radiation in the daytime (Ryu and Baik, 2012). Trees, on the other hand, have small 
thermal inertia and the heat stored by leaves will cool down surface temperature via transpiration 
(Wiegand et al., 1979). Shade cast by the clustered trees in NYC is restricted to small areas, 
which is insufficient to prevent most of the solar radiation from reaching impervious surface. 
The rate of increase in surface temperature was thus largely controlled by the amount of 
impervious surface that was not covered by tree shade in NYC. Moreover, heat storage is 
intensified by the street canyons in NYC as a result of multiple reflection of incoming shortwave 
radiation and outgoing longwave radiation. Tampa, on the other hand, more buildings can be 
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covered by tree shade cast by the urban forest distributed throughout the city. Additionally, trees 
are less clustered and are usually placed around buildings in Tampa, resulting in a stronger 
cooling effect of tree shade on urban surface temperature (Berry et al., 2013; Simpson, 2002). 
In addition to the spatial arrangement of trees and impervious surface, the relative height 
of trees to buildings can also alter the cooling effect of tree shade. For instance, many high-rise 
buildings in NYC are free of tree shade on their upper floors and roofs, which leads to unwanted 
heat in summer. Existing research seldomly considered tree height as a source of different 
cooling effects of tree shade. Simpson (2002) suggested that tall trees are more useful than small 
trees in reducing wall surface temperature because their shade can cast onto building walls. 
Comparing the cooling effects of tree shade between Tampa and NYC with a distinct tree-
building height distribution, the results suggested that tree height would affect heat storage by 
changing shade length in both cities. Tree height should be considered into urban forest 
management. For instance, selecting tree species with tall and large crowns and maintaining 
mature trees should be prioritized as they are more helpful in reducing surface temperature. 
By comparing the cooling effects of tree shade in two cities, our results showed that city 
scale urban structure, especially the spatial arrangement and the relative height of trees to 
buildings has a significant influence on the cooling effect of tree shade. Therefore, appropriate 
UHI mitigation strategies should be developed with the consideration of the local characteristics 
of urban settings (Kim et al., 2018). 
3.5.3 Limitations 
There are several limitations of this study which should be addressed in future research. 
First, due to the availability of LST data, this study was only able to obtain Landsat LST data 
acquired at 10:30 local time. Analysis using LST data acquired at other times of the day would 
offer a more complete picture of the relationship between tree shade and LST. Although some 
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other remote sensing datasets can provide multi-time observations of LST in a day such as 
MODIS LST acquired at 01:30, 10:30, 13:30, 22:30 local time, the coarse spatial resolutions (~1 
km) makes them unsuitable for the analysis with tree shade. Second, this research explored the 
effect of tree shade on a single day in two cities. A time-series of LST may reveal important 
daily/seasonal patterns and interactions between LST and tree shade and urban structure which 
were not discussed in our study. Third, tree shade used in this study was only simulated at 
discrete time steps (30 minutes) due to lack of resources. However, the examination of cooling 
effect of tree shade can be improved by combining the coverage and duration of tree shade. 
Lastly, some other factors influencing heat absorption and dissipation were not considered in the 
regression analysis of tree shade. For instance, the intensity of solar radiation was changing from 
sunrise to 10:30 am when LST data were acquired, that the shortwave energy absorbed by the 
ground is increasing. Meanwhile, the different materials of building and impervious surface may 
also lead to varying heat absorption and dissipation rate. Including factors like these would 
provide more accurate assessment of the cooling effect of tree shade. 
3.6 Conclusions 
Examining the cooling effect of tree shade at a city scale provides both an avenue to 
improve the understanding of the ecosystem services of urban forest and to aid the development 
of efficient UHI mitigation strategies. Due to the structural complexity of urban environment, 
analysis based solely on small plots at a single point of time tends to be location- and temporal-
dependent. Understanding the effect of tree shade across time on LST is required to develop 
efficient UHI mitigation strategies. 
This chapter uncovered the cooling effects of tree shade in two U.S. cities, Tampa, 
Florida and NYC, New York, with different geographic locations and urban settings. Evidences 
from the analyses presented in this study indicate the following: 
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• The hillshade function which accounts for the sun location, can improve the 
quantification of the spatiotemporal pattern of tree shade. 
• Shade cast by urban trees can lower LST in both cities. Tree shade at 07:30 was the most 
important factor in controlling LST at 10:30 local time. The effect of tree shade at 07:30 
on LST in Tampa was intensified by tree canopy cover. In NYC, impervious surface 
cover was identified as the most important factor in controlling LST while tree shade 
remained significant in regulating LST. 
• The difference of cooling effect of tree shade in Tampa and NYC is mostly likely due to 
the differences in the ratio of tree canopy cover to impervious surface cover, the spatial 
arrangement of trees and buildings, and their relative heights. 
This study allows us to better understand the cooling effects of tree shade in urban 
environments through a city-wide accurate simulation of tree shade at a fine temporal scale. The 
comparison of the cooling effects of tree shade between the two cities provides important 
insights for urban planners to moderate urban climate. The findings by this study also allow 
further explorations of the mechanisms behind the observed spatiotemporal patterns in UHI. 
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Chapter 4 Cooling effect of vegetation height in selected cities in the United States 
 
4.1 Introduction 
Surface roughness as a key biophysical property of surface elements has been 
acknowledged as having an important effect on surface temperature (Burakowski et al., 2018). 
Surface roughness influences surface temperature through affecting absorption of solar radiation 
(June et al., 2018). Both horizontal and vertical structure of tree canopy are significant in 
determining the surface roughness of trees (Burakowski et al., 2018; Jacobs et al., 1988; June et 
al., 2018; Maurer et al., 2015; Raupach 1994; Richardson et al., 2013; Shaw et al., 1982). 
Horizontal structure of tree canopy influences the interaction area of trees with sunlight (June et 
al., 2018). Vertical structure of urban trees affects the depth of the interaction between tree 
canopy and solar radiation (June et al., 2018; Shashua-Bar et al., 2011). The cooling effect of 
vertical structure has rarely been studied (Yu et al., 2018). Because vertical structure of urban 
trees determines the surface roughness of urban trees and significantly affects surface 
temperature (Davis et al., 2016; Yu et al., 2018), this knowledge gap limits our ability to 
effectively manage urban trees to mitigate UHI. 
The cooling effect of urban trees varies from city to city due to the difference of urban 
settings and climate. Both natural environment and social-economic decisions dispose various 
urban structure in different cities, which creates contrasting characteristics of surface roughness 
among cities. The spatial pattern and spatial configuration of land cover types, especially trees 
and buildings, vary among cities. For example, the spatial configuration and the percent cover of 
trees differ greatly between Sacramento and Baltimore (Zhou et al., 2017). The difference in 
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surface roughness of urban trees in the two cities are likely due to the distinct climates. 
Sacramento has a Mediterranean climate characterized by hot and dry summer, and is built in a 
biome dominated by grassland with riparian forests, while Baltimore is a temperate coastal city 
characterized by hot but humid summer and belongs to a biome dominated by temperate 
broadleaf and mixed forest (Zhou et al., 2017). Social-economic decisions also influence the 
surface roughness of urban trees among cities. For instance, though both Las Vegas, Nevada and 
Phoenix, Arizona are in desert biome, many trees are located in strips in front of the commercial 
buildings in Las Vegas, while trees are more clustered in Phoenix (Myint et al., 2015). As the 
main source of ground heat, solar radiation is another driver of the difference in surface 
roughness of urban trees. Solar energy creates various biome in cities at different latitudinal 
location, so that trees in different cities differ in their tree species and structure such as leaf shape 
and canopy height (McPherson et al., 1997). Since the surface roughness of urban trees are 
different among cities, examining the effect of surface roughness of urban trees on surface 
temperature in different cities would provide both an avenue to improve the understanding of 
how vegetation interacts with local settings and climate and to give rise to efficient urban 
vegetation management strategies at a city scale. 
Therefore, this chapter aims to examine the effects of vertical structure of urban trees on 
LST in cities with different climatic conditions and urban settings. Two vertical structure 
parameters of tree canopy were considered in the study: maximum canopy height and standard 
deviation of canopy height, which are the dominants of surface roughness. In addition, tree 
canopy cover was included as comparison. 
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4.2 Study Areas and Methodology 
4.2.1 Study areas 
The research focuses on three cities with contrasting climatic conditions and urban 
settings: New York City, New York (NYC, 40.7°N, 74.0°W), Seattle, Washington (47.6° N, 
122.3° W), and Tampa, Florida (27.9°N, 82.5°W) (Figure 4-1, see page 55). The climate in NYC 
is dominated by a humid continental hot-summer climate, while Seattle normally belongs to a 
warm-summer Mediterranean climate with warm and dry summer, and cold and wet winter 
(Belda et al., 2014). Located mostly in flat plains near the Gulf of Mexico, Tampa belongs to a 
humid subtropical climate characterized by relatively dry and warm winter and wet and hot 
summer (Xian and Crane, 2006). The temperature and precipitation of the data acquisition year 
are shown in Table 4-1. NYC belongs to a biome dominated by temperate broadleaf and mixed 
forest (Imhoff et al., 2010; Kostel-Hughes et al., 2005), and 28% urban forest in Seattle are 
coniferous while 72% are deciduous (Seattle’s Urban Forestry Team, 2017). Tampa is built in a 
biome dominated by tropical and subtropical broadleaf forests (Imhoff et al., 2010; Olson et al., 
2001). 
The three cities also have different urban structures (Table 4-2). NYC is one of the largest 
cities in the United States with the largest population and housing density (MacFaden et al., 
2012). NYC has about 6,486 completed high rise buildings of at least 35 meters, of which at least 
113 completed are taller than 183 m (Emporis, 2018a). Seattle is also a densely developed city 
with a lot of high-rise buildings, but it has larger tree canopy than NYC. As of October 2015, 
there are 204 completed high-rises in Seattle, and 63 high-rise buildings are under construction, 
approved for construction, or proposed for construction, including 40 buildings over 120 m 
(Emporis, 2018b). Among the three cities, Tampa is the least developed city with highest tree 
cover and lowest amount of high buildings (Landry et al., 2013). As of February 2013, there 
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were 127 completed high-rises in Tampa, 18 of which stand taller than 76 m and 23 high-rises 
under construction or proposed for construction in the city (Emporis, 2018c). The contrast in 
climatic conditions and biomes made the three cities ideal for the comparisons conducted in this 
research. 
 
Table 4-1. Description of study areas: New York City New York, Seattle Washington, and 
Tampa Florida. 
 State Annual 
temperature 
(°C)  
Average 
precipitat
ion (mm) 
Dominant tree species 
New 
York 
City 
New York 
(NY) 
12.47 1086.10 London planetree, little leaf linden, Norway 
maple, callery pear, honeylocust (Seamans, 
2005) 
Seattle Washington 
(Nowak et 
al., 1988) 
11.47 943.10 cherry/plum/laurel, maple, hawthorn, apple, 
oak, ash, and linden (City of Seattle Urban 
Forest Coalition, 2007) 
Tampa Florida 
(FL) 
22.97 1176.27 white mangrove, Brazilian pepper, red and 
black mangrove, cabbage palm, laurel and 
live oaks, Carolina laurelcherry, sweetgum, 
and white lead tree (Landry et al., 2013) 
**Climate data are were obtained by U.S. climate data, 2018. 
 
Table 4-2. The basic information of the three selected cities: New York City New York, Seattle 
Washington, and Tampa Florida. 
 Population Land 
area 
(km2) 
Population 
per km2 
Households Tree canopy 
cover (%) 
Impervious cover 
(%) 
New 
York 
City 
8,175,133 
(by 2010) 
302.64 27,012.5 3,109,784 
(by 2010) 
20 (MacFaden 
et al., 2012) 
58 (20% are 
buildings) 
(MacFaden et al., 
2012) 
Seattle 704,352 
(by 2016) 
216.99  3246.0 304,157 (by 
2016) 
28 (Seattle’s 
Urban Forestry 
Team, 2017) 
50.70 (obtained 
from land cover data 
used in this study) 
Tampa 335,709 
(by 2010) 
113.41 2,960.2 135,955 (by 
2010) 
29 (Landry et 
al., 2013) 
36 (Landry et al., 
2013) 
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Figure 4-1. Study areas: the location of the three selected cities New York City New York, 
Seattle Washington, and Tampa Florida. 
 
4.2.2 Data 
Datasets used in the study included Landsat 5 thematic mapper (TM)/ Landsat 8 
OLI/Thermal Infrared Sensor (OLI/TIRS) and Light Detection and Ranging (LiDAR). All 
remote sensing data were acquired under a clear sky condition and projected to the associated 
local coordinate system (NYC: New York Long Island State Plane NAD83; Seattle: Washington 
North State Plane NAD 83; Tampa: Florida West State Plane NAD83). Landsat products were 
used to derive LST. Tree cover was derived from aerial imagery, LiDAR, and ancillary data, 
while tree height metrics from LiDAR data. 
Landsat products were downloaded from the USGS EarthExplorer website 
(earthexplorer.usgs.gov). All Landsat data were acquired in summer (Table 4-3). To match with 
the acquisition time of LiDAR, Landsat data for different cities were acquired at different years. 
Landsat 5 TM products were used to obtain the LST for Tampa and NYC, while Landsat 8 
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products were used for Seattle (Table 4-4). The acquisition date of Landsat data for each city is 
shown in Table 4-3. The Landsat TM level-1 thermal infrared (TIR) product provides thermal 
infrared data at wavelengths from 10.4 µm to 12.5 µm. Landsat 8 TIRS has two thermal infrared 
bands, and only band 10 (wavelengths between10.60 µm to 11.19 µm) was used. All TIR bands 
were resampled to 30 m by USGS. I calculated LST using the radiative transfer equation (RTE) 
algorithm (Fu and Weng, 2016; Jiménez‐Muñoz and Sobrino, 2006; Sobrino et al., 2004; Weng 
and Fu, 2014) (Figure 4-2). The details of this algorithm can be found in section 2.3.1 or in Yu et 
al. (2018). 
LiDAR data and high-resolution land cover map were used to obtain tree cover and tree 
height metrics (Table 4-4). LiDAR data were collected in leaf-off season in the three cities 
(Table 4-3). The first and last return of LiDAR data were used to produce digital surface models 
(DSM) and digital elevation models (DEM), respectively, using a binning average interpolation 
technique. Normalized digital surface model (nDSM), derived by subtracting the DEM from the 
DSM, was used to model the canopy height of trees (Figure 4-2). High-resolution land over was 
mapped out by a land cover classification using object-based image analysis from the multiple 
returns of point cloud LiDAR data (O’Neil-Dunne et al., 2013, 2014) (Figure 4-2). The spatial 
resolution of land cover map is the same as that with nDSM. 
 
Table 4-3. Landsat data acquisition dates for the three cities: New York City New York, Seattle 
Washington, and Tampa Florida. 
 New York City Seattle Tampa 
Landsat 08/28/2010 08/19/2016 04/30/2011 
LiDAR April 14 to May 1, 
2010 
February 24 to March 28, 
2016 
January to February in 
2011 
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LSTNYC   LSTSeattle   LSTTampa    
 
Land CoverNYC  Land CoverSeattle  Land CoverTampa 
 
nDSMNYC   nDSMSeattle   nDSMTampa 
Figure 4-2. From top to bottom: land surface temperature (LST), land cover, normalized digital 
surface model (nDSM) in NYC (left), Seattle (middle), and Tampa (right). nDSMs are shown the 
same range from 0 m to 26 m for the purpose of comparison. 
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Table 4-4. Data sets used in this project: Landsat, land cover, and normalized Digital Surface 
Model. 
 Description Data source Spatial resolution 
(m) 
Landsat 
TM/ OLI 
and TIRS 
 
Optical (Blue, Green, Red, Near 
Infrared, and Shortwave Infrared) 
bands 
USGS 30 
Thermal Infrared bands used to 
derive LST 
 
USGS 30 (resampled 
from 120 m (TM) 
or 100 m (OLI) to 
30 m by USGS) 
Land cover 
maps 
Including tree canopy, grass and 
shrub, road, impervious surface, 
and building. 
By University of 
Vermont Spatial 
Analysis Lab, Jarlath 
O’Neil-Dunne and 
Landry et al., (2013) 
0.7 for NYC, 0.9 
for Seattle, and 
0.31 for Tampa 
nDSM Subtracting the DEM (last return 
of point cloud LiDAR) from the 
DSM (first return of point cloud 
LiDAR) and illustrating the height 
above bare ground of trees and 
buildings 
By University of 
Vermont Spatial 
Analysis Lab, Jarlath 
O’Neil-Dunne and 
Landry et al., (2013) 
0.7 for NYC, 0.9 
for Seattle, and 
0.31 for Tampa 
Ancillary 
data 
Climatic conditions including 
average precipitation in summer 
and annual high temperature; 
dominated tree species 
US Climate data, 
NOAA 
Climate data at 
citywide; tree 
species at citywide 
or statewide  
 
4.2.3 Statistical analysis 
The effects of surface roughness of urban trees on LST were analyzed by examining the 
relationships between tree structures and LST. Three tree canopy metrics were used in the 
statistical analysis including tree cover (fraction), maximum tree height, and standard deviation 
of tree height at a pixel level (30 m). The three metrics were calculated by summarizing the maps 
of tree cover and nDSM of trees within the areas of LST pixels. Maximum tree height represents 
the maximum value of nDSM of trees and standard deviation tree height is calculated as the 
standard deviation of all nDSM pixels in the areas of LST pixels. The two tree height related 
metrics are selected to characterize the surface profile roughness of trees at the pixel level (30 
m). 
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This chapter first analyzed the pairwise correlation between LST and each structural 
metric by quantifying the Pearson correlation coefficients of LST with each structural metric. 
Next, the difference of means of LST grouped by equal interval range of each structural metric 
was tested to examine how LST changes between different ranges of the structural metrics. I then 
examined the interactive effects of all structural metrics on LST using multiple-linear regression 
analysis and decision tree. 
A Pearson correlation matrix was used to examine the strength of the association between 
LST and the tree structural metrics. the difference of means of LST between groups defined by 
the range of each structural metric was then tested using Kruskal-Wallis test. Kruskal-Wallis test 
by rank is a non-parametric alternative to one-way ANOVA test, which extends the two-sample 
Wilcoxon test in the situation where there are more than two groups (Breslow, 1970). It’s 
recommended when the data are not normally distributed and the variance across groups is 
heterogeneous (Breslow, 1970). Our data are unlikely normally distributed since there are many 
no-veg pixels (value of 0 for the three metrics). Combined with Kruskal-Wallis test, the boxplots 
of LST between group levels was also showed defined by the equal range of each structural 
metric. 
To examine an interactive effect of structural metrics of trees on LST, multiple-linear 
regression analysis and decision tree regression were compared. Multiple-linear regression 
analysis is the most commonly used method to examine the relationship between UHI and 
contributory factors. With multiple-linear regression analysis, the standardized coefficients (beta) 
can be used to compare the strength of the effect of metrics on predicting LST (Weng et al., 
2006; Yan et al., 2014; Zhou et al., 2011; Zhou et al., 2017). The higher the absolute value of the 
standardized coefficient is, the stronger the effect is. Although multiple-linear regression analysis 
can show the importance of different metrics on LST, but it lacks the ability to capture the 
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nonlinear relationship between tree structural metrics and LST. Meanwhile, multiple-linear 
regression analysis seems to be unstable when explanatory variables are collineated (Aiken et al., 
2003). Therefore, decision tree was also applied to examine the effects of tree structural metrics. 
Decision tree builds regression model in the form of a tree structure. It breaks down the dataset 
into small clusters. The final result is a tree with decision nodes and leaf nodes. The decision 
nodes display the rules splitting response variable into subsets, and each leaf node shows the 
means of response variable of the clusters. Cost complexity is used to control the tree size and to 
avoid over-fitting. With decision tree, the most important variables stand out and the interactions 
between variables are also clearly displayed (TIBCO Statistica, 2018). Once the decision tree 
regression develops rules and forms groups with homogenous LST, the pairwise correlation of 
LST with the structural metrics was applied in each cluster. This step allows us to examine the 
effects of different ranges of structural metrics on LST. 
4.3 Results and Analysis 
4.3.1 Spatial variation of LST, tree cover, and tree height in selected cities 
Tree cover and the tree height metrics differed greatly among the three cities (Table 4-5 
and Figures 4-3, 4-4, and 4-5). Tampa has the highest tree cover (30.45%), followed by Seattle 
(27.53%), and then NYC (20.86%) (Table 4-5). The tree canopy aggregated to the same spatial 
resolution of LST is slightly different from the ones summarized in study area, since different 
spatial resolution was used to summarize tree canopy. Compared to NYC and Seattle, trees in 
Tampa were more clustered, especially in the north part of the city (Figure 4-3, 4-4, and 4-5). For 
all the three cities, tree cover varied greatly in space. The standard deviation of tree cover at the 
pixel level (30 m) is the highest in Tampa (31.93%), followed by NYC (25.71%), and then 
Seattle (26.34%) (Table 4-5). In contrast, the overall average of maximum tree height at the pixel 
level (30 m) is much higher in Seattle than that in NYC and Tampa, indicating that trees are 
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taller in Seattle. The standard deviation of tree height is also higher in Seattle than in Tampa and 
NYC. 
Land surface temperature (LST) varied greatly in space for the three cities. LST is the 
highest in Seattle, followed by Tampa, and then NYC on the acquisition dates. In contrast, 
Tampa has the highest standard deviation of LST than that in the other two cities. LST tends to 
be higher in locations with low tree canopy cover than high tree canopy cover (Figure 4-2, 4-3, 
4-4, and 4-5). 
 
Table 4-5. Descriptive statistics of LST, tree cover, mean tree height, maximum tree height, 
standard deviation of tree height, and grass cover at the pixel level (30 m). 
 Mean Median Std. Dev Min Max 
New 
York 
City 
LST (K) 300.28 
(27.13 °C) 
300.83 
(27.68 °C) 
2.69 289.58 
(16.43 °C) 
316.94 
(43.79 °C) 
Tree Cover (%) 20.86 17.81 25.71 0.00 100.00 
Mean Tree height (m) 2.56 1.22 3.50 0.00 28.19 
Maximum Tree 
height (m) 
14.73 14.42 6.34 0.00 40.84 
Standard Deviation  
Tree height (m) 
3.25 2.91 2.14 0.00 13.22 
Grass Cover (%) 16.55 9.18 21.10 0.00 100.00 
Seattle LST (K) 308.94 
(35.79 °C) 
309.47 
(36.32 °C) 
2.97 293.97 
(20.82 °C) 
319.99 
(46.84 °C) 
Tree Cover (%) 27.53 26.59 26.34 0.00 100.00 
Mean Tree height (m) 3.39 1.57 4.79 0.00 44.03 
Maximum Tree 
height (m) 
17.87 16.40 9.20 0 60.44 
Standard Deviation  
Tree height (m) 
3.95 3.28 2.78 0.00 15.20 
Grass Cover (%) 17.96 16.48 13.32 0.00 100.00 
Tampa LST (K) 305.98 
(32.83 °C) 
306.50 
(33.35 °C) 
4.33 290.37 
(17.22 °C) 
322.03 
(48.88 °C) 
Tree Cover (%) 30.45 38.31 31.93 0.00 100.00 
Mean Tree height (m) 4.16 2.75 4.29 0.00 28.54 
Maximum Tree 
height (m) 
14.67 14.63 5.57 0.00 38.41 
Standard Deviation  
Tree height (m) 
3.74 3.93 1.98 0.00 13.43 
Grass Cover (%) 28.47 23.13 24.58 0.00 100.00 
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     Tree CanopyNYC              Maximum Tree HeightNYC     Standard Deviation Tree HeightNYC  
Figure 4-3. Tree canopy faction, maximum tree height, and standard deviation of tree height in 
New York City New York. 
 
 
        Tree CanopySeattle            Maximum Tree HeightSeattle   Standard Deviation Tree HeightSeattle 
Figure 4-4. Tree canopy faction, maximum tree height, and standard deviation of tree height in 
Seattle Washington. 
 
 
       Tree CanopyTampa            Maximum Tree HeightTampa   Standard Deviation Tree HeightTampa 
Figure 4-5. Tree canopy faction, maximum tree height, and standard deviation of tree height in 
Tampa Florida. 
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4.3.2 Correlations of LST with tree cover and height in different cities 
The correlations of tree structural metrics with LST showed consistent patterns among 
the three cities (Table 4-6). The three structural metrics were negatively correlated with LST in 
the three cities. Among the three metrics, tree cover had the highest correlation with LST, 
followed by maximum tree height, and then standard deviation of tree height. Tree cover and 
maximum tree height had the highest correlation with LST in Tampa, followed by NYC, and 
then Seattle. There were also some inconsistencies. The correlation of standard deviation of tree 
height with LST showed different patterns among the three cities, in which Seattle had the 
highest correlation, followed by NYC, and then Tampa (Table 4-6). 
Kruskal-Wallis test showed inconsistent results among the three cities. To illustrate the 
difference of means of LST, this chapter also showed the boxplots of LST in groups of different 
ranges of tree cover, maximum tree height, and standard deviation of tree height (Figure 4-6, 4-7, 
and 4-8). The boxplots showed that the means of LST decreased with the increasing of each 
structural metric. Kruskal-Wallis test showed significant difference between the means of LST of 
different groups of tree cover, maximum tree height, and standard deviation of tree height for 
NYC. Meanwhile, groups with tree cover lower than 90% seem to have a very low decreasing 
rate in means of LST. The boxplot by maximum tree height showed a low decreasing rate of 
means of LST in the first four and the last three groups (Figure 4-6). For Seattle, the means of 
LST were significantly differed by every group of tree cover, but it was not observed in the 
groups of maximum and standard deviation of tree height. The last two groups of maximum 
height (maximum tree height ranges of (48.4, 54.4] and (54.4, 60.4]) had similar means of LST, 
while all the other pairwise difference of means of LST were significantly different (Figure 4-7). 
The boxplots also showed that the means of the last two groups were very similar. The means of 
LST were similar for groups 8 and 9 of standard deviation of tree height (ranges of (10.6, 12.2] 
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and (12.2, 13.4]), while all the other groups of standard deviation of tree height had significantly 
different means of LST (Figure 4-7). For Tampa, the means of LST were significantly different 
between groups of tree cover. The means of LST were not significantly different between last 
two groups of maximum tree height and the last three groups of standard deviation of tree height 
(Figure 4-8). 
 
Table 4-6. Pearson correlation coefficients of LST with tree cover, maximum tree height, and 
standard deviation of tree height. 
 Tree Cover Maximum Tree height Standard Deviation Tree height 
New York City -.580** -.474** -.441** 
Seattle -.552** -.465** -.467** 
Tampa -.638** -.553** -.433** 
** p<0.01 (2-tailed) 
 
 
Tree CoverNew York City 
  
Maximum Tree HeightNew York City       Standard Deviation Tree HieghtNew York City 
Figure 4-6. Boxplots of LST for different groups of tree cover, maximum tree height, and 
standard deviation of tree height in New York City New York. 
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Tree CoverSeattle 
  
Maximum Tree HeightSeattle          Standard Deviation Tree HieghtSeattle 
Figure 4-7. Boxplots of LST for different groups of tree cover, maximum tree height, and 
standard deviation of tree height in Seattle Washington. 
 
 
 
Tree CoverTampa 
  
Maximum Tree HeightTampa            Standard Deviation Tree HieghtTampa 
Figure 4-8. Boxplots of LST for different groups of tree cover, maximum tree height, and 
standard deviation of tree height in Tampa Florida. 
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4.3.3 The interactive effects of structural metrics on LST 
The multiple-linear regression analyses showed that these three attributes of urban trees 
had the strongest effects on LST in Tampa, then NYC, followed by Seattle according to the r2 
values (Table 4-7). The standardized coefficients show that tree cover and maximum tree height 
had negative effect on LST, and standard deviation of tree height has positive effect on LST for 
all the three cities. 
 
Table 4-7. Multiple-linear regression analyses between Land Surface Temperature and tree 
cover, maximum tree height, and standard deviation of tree height. 
City R2 Constant Coefficient  Standardized Coefficients 
Tree 
Cover 
Maximum 
Tree 
Height 
Standard 
Deviation 
of Tree 
Height 
Tree 
Cover 
Maximum 
Tree 
Height 
Standard 
Deviation 
of Tree 
Height 
New 
York 
City 
.336 301.87 -6.05   -.58   
.343 302.00 -5.15 -.005  -.49 -.12  
.366 303.00 -6.52 -.015 0.47 -.62 -0.36 0.38 
Seattle .304 311.00 -6.23   -.55   
.312 311.00 -5.13 -0.004  -.46 -.13  
.316 311.54 -5.70 -.080 0.17 -.505 -.24 0.16 
Tampa .407 309.75 -8.65   -.64   
.420 310.95 -6.91 -.140  -.51 -.17  
.457 311.42 -8.03 -0.350 0.88 -0.59 -0.46 0.40 
** p<0.01 (2-tailed). 
 
The decision tree regression provided more information about the interactive effect of the 
three structural metrics on reducing LST. The values of R2 are similar as multiple-linear 
regression analyses. Tree cover is the most important factor to cool down temperature, but height 
metrics also exhibit considerable influence on LST in all the three cities. The results indicate that 
maximum tree height has much stronger effect on LST in Tampa, and its effect is slightly 
stronger in NYC than in Seattle. Standard deviation of tree height is more effective in Seattle and 
NYC than in Tampa. In both NYC and Tampa, standard deviation of tree height has positive 
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effect on LST in a very narrow range of tree cover and maximum tree height. Here are the results 
of decision tree regression and the pairwise correlation in each cluster of decision tree for each 
city separately. 
In NYC, tree cover is the dominant factor when tree cover is either high (>= 60%) or low 
(< 27%) (Figure 4-9, page 69). Tree height metrics are important in determining LST at medium 
tree cover. When tree cover is less than 60%, maximum tree height above 18 m leads to lower 
LST than maximum tree height below 18 m. Pixels with standard deviation of tree height below 
2.5 m have higher LST than those with higher standard deviation of tree height, when tree cover 
is between 27% and 60% and maximum tree height below 18m. The three structural metrics are 
negatively correlated with LST except in cluster 5, with standard deviation of tree canopy cover 
below 2.5 m (Table 4-8). The correlations of LST with tree cover are stronger in the first four 
clusters (about 31% of the total population). Maximum tree height is stronger in the first 3 
clusters (17% of the total population), while standard deviation of tree height has stronger 
correlation with LST in the second and third cluster (12% of population) (Table 4-8). 
 
Table 4-8. The Pearson correlation coefficients of LST with tree cover, maximum tree height, 
and standard deviation of tree height in the seven clusters of decision tree regression for New 
York City New York. 
 Cluster 
1 
Cluster 
2 
Cluster 
3 
Cluster 
4 
Cluster 
5 
Cluster 
6 
Cluster 
7 
Tree Cover -0.2779 -0.2121 -0.1838 -0.1671 -0.1314 -0.1467 -0.1276 
Maximum height -0.3114 -0.2028 -0.1660 -0.0340 0.0491 -0.0337 -0.0303 
Standard Deviation 
Tree height 
-0.1143 -0.2116 -0.2395 -0.1031 0.0682 -0.0049 -0.0587 
 
In Seattle, similar as in NYC, tree cover is the main factor in influencing LST when tree 
cover is high (>= 69%) or low (< 30%) (Figure 4-10, page 70). Different from NYC, standard 
deviation of tree height is more important than maximum tree height in determining the LST in 
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Seattle. It intensified the cooling effect of tree cover when tree cover is between 30% and 69%. 
Standard deviation of tree height above 6.9 m would have lower temperature than standard 
deviation below 6.9 m. The three structural metrics are negatively correlated with LST in all the 
clusters (Table 4-9). The correlations of LST with tree cover are stronger in clusters 1, 2, 3, and 4 
(46% of population), and maximum tree height are stronger in the first 2 clusters (12% of the 
population), and the correlations are stronger in the second and third clusters with standard 
deviation of tree height (14% of population) (Table 4-9). 
 
Table 4-9. The Pearson correlation coefficients of LST with tree cover, maximum tree height, 
and standard deviation of tree height in the seven clusters of decision tree regression for Seattle 
Washington. 
 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 
Tree Cover -0.2123 -0.2056 -0.1443 -0.1665 -0.0782 -0.0820 
Maximum height -0.3095 -0.2033 -0.1317 -0.1035 -0.0983 -0.0695 
Standard Deviation  
Tree height 
-0.1253 -0.2005 -0.2034 -0.0819 -0.0907 -0.0809 
 
In Tampa, however, maximum tree height signified the cooling effect at all range of tree 
cover, in which a high maximum tree height can lead to low LST (Figure 4-11, page 70). 
Standard deviation of tree height also played a role in grouping LST but in a very narrow range. 
It affects LST when tree cover lower than 80% and larger than 38% and maximum tree height 
lower than 20 m. Standard deviation of tree height less than 2.6 m would have lower LST than it 
above 2.6 m. Maximum and standard deviation of tree height have positive correlations with 
LST in three clusters: tree cover above 80% and maximum tree height below 22 m, and tree 
cover between 30% and 80% maximum height below 20 m and standard deviation less than 2.6 
m (Table 4-10). Tree cover has a stronger correlation with LST in clusters 1 − 6 (50% of 
population). Maximum tree height has a stronger negative correlation with LST in clusters 1, 4, 
6, and 7 (49% of population), while it is positively correlated with LST in Cluster 5 (1% of 
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population). The correlation of LST with standard deviation of tree height is strong and negative 
in cluster 1 (8% of population), and it is strong and positive in clusters 3 and 5 (7% of 
population) (Table 4-10). 
 
Table 4-10. The Pearson correlation coefficients of LST with tree cover, maximum tree height, 
and standard deviation of tree height in the seven clusters of decision tree regression for Tampa 
Florida. 
 Cluster 
1 
Cluster 
2 
Cluster 
3 
Cluster 
4 
Cluster 
5 
Cluster 
6 
Cluster 
7 
Cluster 
8 
Tree Cover -0.2522 -0.1984 -0.1789 -0.2188 -0.3411 -0.2278 -0.0610 -0.1320 
Maximum 
height 
-0.4544 0.0405 0.0681 -0.3386 0.3521 -0.1677 -0.2116 -0.0030 
STD height -0.2025 0.0612 0.2001 -0.1052 0.3420 -0.0556 -0.1049 -0.0494 
 
 
Figure 4-9. Regression tree fitted tree cover, maximum tree height, and standard deviation of tree 
height on LST for New York City New York. Branches are labelled with criteria used to 
segregate data. Values in leaf nodes represent mean LST grouped within the cluster. 
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Figure 4-10. Regression tree fitted tree cover, maximum tree height, and standard deviation of 
tree height on LST for Seattle Washington. Branches are labelled with criteria used to segregate 
data. Values in leaf nodes represent mean LST grouped within the cluster. 
 
 
Figure 4-11. Regression tree fitted tree cover, maximum tree height, and standard deviation of 
tree height on LST for Tampa Florida. Branches are labelled with criteria used to segregate data. 
Values in leaf nodes represent mean LST grouped within the cluster. 
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4.4 Discussion 
This study explores and compares the cooling effect of tree height metrics in three U.S. 
cities: Tampa, New York City, and Seattle. Our findings suggest the dominant parameters of 
surface roughness: tree cover and height metrics both have important effects on land surface 
temperature (Table 4-11). The cooling effect of tree cover is interacted with tree height metrics 
and the interactive effect varies greatly in the three cities. This research has important theoretical 
and methodological implications. The findings can exert efficient urban tree management 
strategies for the purpose of UHI mitigation in different cities. 
 
Table 4-11. The Pearson correlation coefficients and decision tree regression of LST with tree 
cover, maximum tree height, and standard deviation of tree height in New York City New York, 
Seattle Washington, and Tampa Florida. 
 
Correlation Coefficients Decision Tree R2  
(importance of factors from high to 
low) 
Tree 
Cover 
Maximum 
Tree Hight 
Standard Deviation 
Tree Height 
New 
York City 
-.580** -.474** -.441** 
0.36 (Tree Cover, Maximum Tree 
Height, Standard Deviation Tree 
Height) 
Seattle -.552** -.465** -.467** 
0.32 (Tree Cover, Standard 
Deviation Tree Height) 
Tampa -.638** -.553** -.433** 
0.48 (Tree Cover, Maximum Tree 
Height, Standard Deviation Tree 
Height) 
 
4.4.1 The effect of tree canopy structures on LST 
In line with previous research, our study showed that increasing tree canopy cover can 
largely increase cooling effect (Chen et al., 2006; Weng et al., 2004; Yuan and Bauer, 2007). 
Tree canopy cover determines the horizontal area that tree canopy interacts with atmosphere and 
solar radiation (June et al., 2018). During the day, incoming short-wave radiation is absorbed by 
the surface and warms the atmosphere (Haby, 2011). Sparse canopy cover obviously absorbs less 
solar radiation and thus more radiation reaches to the ground compared to the dense canopy 
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cover. A pixel with low tree cover emits more sensible heat flux to the atmosphere than high tree 
cover (e.g., parks and reserved parks), and consequently has higher surface temperature. A 
higher tree canopy cover also invests more energy to latent heat fluxes and thus cool down 
temperature later through evapotranspiration (Dawson, 1996). 
As the main contributors to surface roughness, tree height metrics also have important 
cooling effects. Maximum tree height has an important cooling effect in the three selected cities. 
Maximum canopy height represents height of the dominant crown within a pixel area. It 
determines at which height above the ground that tree canopy interacts with solar radiation 
(Martens et al., 2000; Maurer et al., 2015). In all the three selected cities, maximum tree height 
has a stronger negative correlation with LST for high or medium tree cover than low tree cover. 
Compared to maximum tree height, standard deviation of tree height plays a less but significant 
role in lowering LST in Tampa and NYC. Standard deviation of tree height characterizes the 
variance of canopy layer along the vertical direction. Most urban forests are uneven stands as 
they are mainly dominated by highly broken and irregular canopies (Heynen et al., 2006). 
Standard deviation of tree height is correlated with the complexity of trees, due to different tree 
properties such as species and age (Rupšys, 2016; Sharma and Parton, 2007). Generally, for the 
same tree canopy cover, a larger standard deviation of tree height means more interaction 
between canopy layer and solar radiation (Schleppi and Paquette, 2017), and thus leads to a 
stronger cooling effect. The results of decision tree regression and pairwise correlation in each 
cluster determined by decision tree showed that standard deviation of tree height affects LST for 
pixels with high or medium tree cover (Figures 4-9, 4-10, and 4-11). Therefore, our research 
indicates that using tree cover alone is not enough to capture the cooling effect of tree canopy 
structure, as the interaction between solar radiation and canopy layer in the vertical direction is 
regulated by the vertical structure of trees. 
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4.4.2 The relative importance of tree canopy structures varied among cities 
Our results of both Pearson correlation analysis for total population (Table 4-6) and for 
clusters determined by decision tree regression (Figures 4-9, 4-10, and 4-11, and Tables 4-8, 4-9, 
and 4-10) revealed distinct cooling effects of tree canopy structures in the three cities. Tree cover 
has the strongest cooling effect in Tampa, followed by NYC, then Seattle. Maximum tree height 
has the highest cooling effect in Tampa, followed by NYC, and then Seattle, while standard 
deviation of tree height seems to have a slightly stronger effect in Seattle and NYC than in 
Tampa. Maximum canopy height and standard deviation of tree height enhanced the cooling 
effect of tree cover mainly in medium and higher tree cover in Seattle and NYC, while they 
affect the cooling effect of tree cover among nearly all ranges of tree cover in Tampa. The 
reasons should lie to the different climate zone and urban settings. The details are elaborated 
below. 
Generally, tree canopy cover has the strongest effect on LST among the three structural 
metrics for the three cities despite the different climatic conditions and urban settings of these 
cities. As suggested by decision tree and standardized coefficients of multiple-linear regression 
analysis (Table 4-7), tree cover has much higher effect on LST in Tampa and NYC than Seattle. 
Tampa has higher tree cover and the tree canopy cover is more scattered in Tampa than in NYC 
and Seattle. Higher percentage of tree cover at a 30 m pixel level provides more absorption area 
of solar radiation (June et al., 2018). Scattered distributed tree canopy also extended the cooling 
effect to a larger area. Although Seattle has a higher tree cover than NYC, the tree canopy cover 
has a larger decreasing linear rate on LST in NYC than in Seattle (Table 4-7). One possible 
explanation is the different biome. The urban forests in NYC and Tampa were dominated by 
temperate broadleaf and mixed forests, while Seattle has a lot of conifers (28% of urban forest 
are coniferous). As broadleaf and mixed forests often have much larger leaf area, they have 
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greater fluxes of latent heat and water than coniferous forest (Nakai et al., 2008; Sandra, 2013). 
Therefore, the urban forests in NYC and Tampa have a stronger capability to absorb heat and 
thus provide a stronger cooling effect than in Seattle. 
Effects of maximum tree height on LST varied greatly in the three cities, in terms of 
magnitude. Suggested by the correlation coefficients (Table 4-6) and decision tree regression 
(Figures 4-9, 4-10, and 4-11), maximum tree height seems to have a stronger cooling effect in 
Tampa, then NYC, and followed by Seattle. Comparison between decision tree regression 
analyses among the three cities shows that maximum tree height affects LST among all the tree 
cover ranges in Tampa. However, it affects LST in medium and high tree covers in NYC. In 
Seattle, maximum tree height is not the dominant factor. The difference between the highly 
developed cities NYC and Seattle and relatively less developed city Tampa is likely due to the 
distinct spatial pattern of tree cover and impervious surface cover and different building height. 
Through the decision tree regression using the three tree structural metrics, impervious surface 
cover, and building height as independent variables (Figures 4-12, 4-13, and 4-14), the results 
showed that impervious surface cover affected the cooling effect of tree canopy structures in all 
the three cities, while building height parameters only had influences in NYC and Seattle. It 
might be due to the fact that buildings in Tampa were much lower than Seattle and NYC, thus 
the effect of canopy roughness in Tampa was less affected by the building height. 
Standard deviation of tree height affected LST in the three selected cities, but its effect 
changed among cities in terms of magnitude and direction. Standard deviation had a stronger 
effect on LST in Seattle than in NYC and Tampa as indicated by decision tree regression and 
Pearson correlation coefficients (Figures 4-9, 4-10, and 4-11 and Table 4-6). Seattle had a higher 
value of standard deviation of tree height than NYC. The standard deviation of tree height had an 
important effect on LST when it was above 6.9 m. It indicates that high standard deviation of 
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tree height could cool down LST as well, while low standard deviation might not be very 
effective. 
It is worth noting that the two height metrics were positively correlated with LST in NYC 
and Tampa, for some narrow ranges of tree cover and maximum tree height. After examining the 
correlation of LST with impervious cover and building height, the effect of building height was 
stronger in these ranges than others. It suggested that building height could largely affect the 
cooling effect of trees. For instance, tall buildings would largely affect the surface roughness and 
thus affect energy absorption. The relative height of buildings and trees is very important in 
determining the surface roughness of urban landscape, and tree canopies are more turbulent than 
building surface (Yang and Li, 2015; Weligepolage et al., 2012). Research examining the 
mechanism of UHI will be furthered by considering the height and cover of buildings and trees. 
 
 
Figure 4-12. Regression tree fitted tree cover, maximum tree height, standard deviation of tree 
height, impervious surface cover, mean building height, and maximum building height on LST 
for New York City New York. Branches are labelled with criteria used to segregate data. Values 
in leaf nodes represent mean LST grouped within the cluster. 
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Figure 4-13. Regression tree fitted tree cover, maximum tree height, standard deviation of tree 
height, impervious surface cover, mean building height, and maximum building height on LST 
for Seattle Washington. Branches are labelled with criteria used to segregate data. Values in leaf 
nodes represent mean LST grouped within the cluster. 
 
 
Figure 4-14. Regression tree fitted tree cover, maximum tree height, standard deviation of tree 
height, impervious surface cover, mean building height, and maximum building height on LST 
for Tampa Florida. Branches are labelled with criteria used to segregate data. Values in leaf 
nodes represent mean LST grouped within the cluster. 
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4.4.3 Methodological implication 
Although multiple-linear regression and Pearson correlation are the most commonly used 
analysis approaches in examining the cooling effect of urban trees, our study shows that using 
them might lead confused results and thus misleading conclusions. Pearson correlation can be 
used to analyze the pairwise correlation between two variables (Benesty et al., 2009). 
Nevertheless, Pearson correlation analysis is defined to give a single correlation coefficient 
between two variables for the whole population. Multiple-linear regression also shows the 
relative importance of explanatory variables by standardized coefficients (Zhou et al., 2017). 
Varied relationships between explanatory variables and response variables may exist due to the 
heterogeneity in a population. Neither Pearson correlation nor multiple-linear regression analysis 
can detect the varied relationships of the groups within a population. Meanwhile, the two 
analysis approaches are appropriate for cases when the explanatory variables are independent or 
noncollinear (Wold et al., 1984). Collinearity can result in wrong sign at least for some 
coefficients (Wold et al., 1984). The three structural metrics in our study are highly correlated to 
each other (Figure 4-15). Using multiple regression analysis, the coefficients of standard 
deviation of tree height were positive in the three cities, while its correlations with LST were 
significantly negative in the three cities. 
This study compared decision tree regression and multiple-linear regression, and adopted 
the results from decision tree regression. First, decision tree regression is superior to multiple-
linear regression as the collinearity has less influence on the model (Dormann et al., 2013; Hayes 
et al., 2015). Second, decision tree can capture the interaction between explanatory variables. 
The cooling effect of tree cover and height metrics are not independent. Pixels with high cover 
and high maximum tree height have lower LST than pixels with high tree cover but very low 
height, as tall trees can lead to more interaction with solar energy. The decision tree regression 
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can effectively capture the interaction between explanatory variables (Johnson et al., 2002). 
Third, the segmentation rules in decision tree also contribute more detailed information about the 
effects of explanatory variables on response variables. Instead of giving a single coefficient for 
each structural metric, decision tree regression presents the detail rules that determine LST. 
Decision tree regression can split the population into homogenous clusters. Statistical analysis 
such as Pearson correlation analysis can then be applied to each cluster to reveal more useful 
information than that simply to the population. 
 
 
(a) PairwiseCorrelationNYC 
 
(b) PairwiseCorrelationSeattle   (c) PairwiseCorrelationTampa 
Figure 4-15. The pair-wise correlation between tree cover (TreeCover), maximum tree height 
(MaxTreeHeight), and standard deviation of tree height (STDTreeHeight) in New York City 
New York (a), Seattle Washington (b), and Tampa Florida (c). The plots are the scatterplots of 
the different metrics. The values are the associated Pearson correlation coefficients between any 
two structural metrics and the stars show the p values. Three stars (***) indicate p<0.05. For 
instance, 0.71*** in (a) is the correlation between tree cover and maximum tree height, and the p 
value of this correlation is lower than 0.05. 
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4.5 Conclusions 
Examining the cooling effect of urban trees at a city scale is necessary to inform urban 
forest management for the purpose of efficient UHI mitigation for different cities. Urban trees 
can alleviate surface temperature by creating permeable surface to change the regime of solar 
absorption and energy storage in cities. The entire process of heat exchange is dominated by the 
surface roughness characteristic of urban trees. Surface roughness is highly correlated with the 
horizontal and vertical structures of trees. It is widely recognized that increasing tree cover can 
reduce LST. However, height attributes have been rarely considered in research examining the 
cooling effect of urban trees. Meanwhile, as cities may differ in climatic condition and urban 
settings, investigation on the cooling effect of urban trees based on the local environment is 
needed. This study uncovers the cooling effect of tree height in three cities: New York City New 
York, Seattle Washington, and Tampa Florida with different urban settings and climatic zones. 
Maximum tree height and standard deviation of tree height as the dominant factors of surface 
roughness created by trees were selected to characterize the canopy height features at a 30-m 
pixel level in this study. Several conclusions were derived from the study: 
• Tree’s cooling effect generally is higher in Tampa than in highly developed NYC 
and Seattle. 
• The effects of height metrics of trees on LST varied greatly in terms of magnitude 
among the three cities, suggesting that height metrics of trees may play different roles in cities 
with different biomes and urban characteristics. 
• The relative importance of height metrics of trees differed among the three cities. 
Maximum tree height was more important in Tampa than in NYC and Seattle, while standard 
deviation showed a slightly stronger cooling effect in Seattle and NYC than in Tampa. 
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• Maximum tree height intensified the cooling effect of tree cover in Tampa and 
NYC, while standard deviation of tree height enhanced the cooling effect of tree cover in Seattle. 
In both NYC and Seattle, tree height metrics affected LST for high or medium tree cover, but 
height metrics affected LST among all ranges of tree cover in Tampa. 
• Decision tree regression provided detailed information about the variable cooling 
effect of different ranges of tree cover and height metrics. The results contribute to the 
understanding of the different cooling effects due to different tree structures. 
This study provides a better understanding of height metrics of trees on UHI. The results 
indicate that managing the surface roughness of urban trees especially the height metrics of trees 
is important to promote efficient UHI mitigation for different cities. The comparison among 
cities also shows that height metrics of urban trees have distinct effects on UHI mitigation for 
different cities. 
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Chapter 5 Conclusions 
 
5.1 Summary 
The UHI effect is a growing problem for the sustainable development of modern societies 
worldwide. Mitigation of UHI is necessary for cities to adapt to climate change and enhance 
sustainable development at a city scale. Cooling cities with urban vegetation management is a 
sustainable solution for urban heat mitigation. Urban vegetation influences urban microclimate 
through differences in its horizontal and vertical structures, which determine its shading effect, 
surface roughness, and evapotranspiration. Examining how urban vegetation structures affect 
surface temperature provides an avenue to improve the understanding of the ecosystem services 
of urban forest and to aid the development of efficient UHI mitigation strategies. A considerable 
number of studies have demonstrated the significance of the horizontal structure of urban 
vegetation in decreasing temperature, while the cooling effects of vertical structure have rarely 
been studied. Therefore, this knowledge gap poses an unprecedented challenge for UHI 
mitigation. Meanwhile, the solutions to mitigate UHI effects by urban vegetation management 
vary among cities due to the difference in their climates and urban settings. Examining the 
cooling effect of urban vegetation structures in different cities help explore how vegetation 
interacts with local settings and climate and give rise to efficient urban vegetation management 
strategies. 
 The overall objective of this research is to improve the understanding of the cooling 
effect of vertical structure of urban vegetation and how it varies among cities (Table 5-1). To 
achieve this goal, this research first examined the correlation between mean vegetation height 
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and LST. This result serves as the baseline knowledge for the following two chapters. Second, 
the spatial and temporal patterns of shade cast by trees and their corresponding cooling effects 
were examined in the two cities. Lastly, the research examined the effects of vertical structures 
related to surface roughness on LST in the three cities with different climatic conditions and 
urban settings. 
 The remainder of this chapter is organized as follows: Section 5.2 will highlight 
theoretical and empirical contributions of this research and synthesize key findings to answer the 
research questions. Section 5.3 will address the management implications of this research for 
urban planning and UHI mitigation. Section 5.4 will identify several limitations of the research. 
Lastly, Section 5.5 will discuss possible directions for future research. 
 
Table 5-1. The Pearson correlation coefficients and decision tree regression of LST with tree 
cover, maximum tree height, and standard deviation of tree height in New York City New York, 
Seattle Washington, and Tampa Florida. 
 Summary 
Chapter 2 
Through examining the relationship between LST and mean vegetation height in 
Tampa Florida, this chapter found that vegetation height plays an important role 
in regulating UHI. Mean vegetation height at spatial resolution of 30 m has 
higher impact on LST than vegetation fraction. 
Chapter 3 
This chapter quantified shade and investigated the relationship between tree 
shade and LST in Tampa Florida and New York City New York.  
Tree shade, particularly at 07:30, has significant cooling effect on LST in Tampa 
and New York City. Shade has a stronger cooling effect in Tampa than in NYC. 
Chapter 4 
The relationship between three main indicators of surface roughness tree cover, 
maximum tree height, and standard deviation of tree height and LST were 
analyzed in New York, Seattle, and Tampa. 
Tree cover plays the most important role in cooling down LST. Tree height 
metrics are also important in regulating LST. 
The relative importance of height metrics of trees differed among the three cities. 
Maximum tree height was more important in Tampa than in NYC and Seattle, 
while standard deviation showed a slightly stronger cooling effect in Seattle and 
NYC than in Tampa. 
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5.2 Theoretical and Empirical Contributions 
Chapter 2 generally explored the correlation between mean vegetation height and LST to 
examine whether vegetation height has a cooling effect or not. This research, based on study in 
the City of Tampa, Florida, USA, revealed that vegetation height had a comparable effect on 
decreasing LST as vegetation cover. This chapter established a baseline for the whole 
dissertation research, as it is a very initial research to explore the correlation of urban vegetation 
height with LST. This chapter shows that vegetation height can play an important role in 
regulating UHI. It provides new thoughts for scientific studies that explore the effects of vertical 
structure of urban vegetation on LST. In the following two chapters, the vertical structure of 
urban vegetation was incorporated to characterize shading and surface roughness, and the 
cooling effect of shade and surface roughness of urban trees were explored. 
Chapter 3 quantified the spatial and temporal variation of shade cast by trees and 
examined the cooling effect of tree shade in the two cities, Tampa Florida and New York City 
(NYC) New York. The hillshade algorithm in geographic information system was used to 
combine the vertical structure of urban trees and the sun location. Then, the relationships 
between shade and LST were quantified and compared in the two cities. Several findings were 
obtained through this study. (1) Hillshade function combining sun location and tree height can 
accurately capture the spatial and temporal variations of tree shade. (2) Shade cast by trees has 
significant cooling effects in Tampa and NYC and shade at 07:30 am is the most significant 
cooling factor. (3) Shade has a stronger cooling effect in Tampa than in NYC. (4) The difference 
of the cooling effects of shade between the two cities is likely due to the distinct ratio of tree 
canopy to impervious surface cover, different spatial arrangements, and relative heights of trees 
to buildings. This research is an initial study about the cooling effects of shade between different 
cities with distinct urban structures. 
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Chapter 4 uncovers the cooling effects of the dominant factors of surface roughness in the 
three cities with different climates and urban settings: New York City New York, Seattle 
Washington, and Tampa Florida. Maximum tree height and standard deviation of tree height 
were selected to characterize the surface roughness created by trees at a pixel level (30 m). The 
two height metrics of trees play different roles in the three cities with different biomes and urban 
characteristics. The relative importance of height metrics of trees differed among the three cities. 
Maximum tree height is more important in Tampa than NYC and Seattle, while standard 
deviation of tree height shows a slightly stronger cooling effect in Seattle and NYC than in 
Tampa. In NYC and Seattle, tree height metrics affect LST for medium and high tree covers, but 
height metrics affect LST among almost all ranges of tree cover in Tampa. 
These findings have significant implications for developing efficient urban vegetation 
management strategies for the purpose of UHI mitigation. With the findings of this research, 
urban planners can now expect to manage the vertical dimension of urban vegetation especially 
trees. Current management plans can be adjusted according to meeting UHI mitigation goals. 
5.3 Management Implications 
Numerous studies have demonstrated that areas dominated by large amount of vegetation 
such as nature reserves and parks can increase thermal comfort of their neighborhood (e.g., Cao 
et al., 2010; Spronken-Smith and Oke, 1998; Yu and Hien, 2006). The results of this dissertation 
research are consistent with those studies that very high vegetation/tree cover is more efficient in 
UHI mitigation. However, gaining that amount of vegetation cover in urban areas is extremely 
difficult for most cities. Even worse, instead of gaining more green space, many cities are losing 
their vegetation as a result of urbanization (Nowak and Greenfield, 2012). How to augment the 
cooling effect of vegetation in the very limited space in cities is thus challenging for many urban 
planners. 
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My research in Chapter 2 showed that vegetation height has a significant effect on LST, 
so that it is necessary to investigate the cooling effects of vegetation vertical structure. Chapters 
3 and 4 examined two main cooling functions provided by urban trees: shade and surface 
roughness, which are determined by the vertical structure of urban trees. The results indicate that 
enhancing the cooling effects of urban trees can be achieved by managing the vertical structure 
of urban vegetation. This research suggests that a city might need not only to just increase green 
space, but also to consider the height of urban vegetation. This would be extremely important for 
compact cities which often have a limited space to expand their vegetation cover. To increase the 
cooling function of tree shade, trees can be planted near single house to cover the roofs and 
walls, and in parking lot and plazas to block sunlight from striking onto the impervious surface 
ground. At this point, although there are plenty of species of trees, only a few make good trees in 
cities (Pottstown Trees Inc, 2018). Tree species with high and large canopy would be preferable 
in urban areas as they can provide shade for streets and buildings and reduce the temperature of 
the air below. When In addition, maintaining and nurturing existing mature big trees would be 
more efficient and necessary. In addition, planting trees should consider the challenges as well. 
For instance, trees planting in parking lots should be tolerant of water stress and resistant to wind 
due to the harsh growing conditions presented by these areas. Urban planner should compromise 
between the ecosystem services such as cooling function and the potential damages trees can 
cause. 
This study also points out that different urban vegetation management strategies should 
be considered for different cities. Cities located in different climatic zones may have different 
need for the cooling functions of trees. For instance, Tampa located in subtropical area with 
much higher temperature and longer hot season may need more shade from trees. While in NYC, 
city residents may require more benefits of evapotranspiration. In cities dominated by short 
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buildings such as Tampa, increasing tree height might be reasonable and practical, as shade of 
tall trees can potentially cover building roofs for shading. In cities like NYC, it is unlikely to add 
a large number of trees on the ground because most ground space has been occupied. Therefore, 
in NYC, urban planners should carefully maximum the benefits of existing green space to 
alleviate UHI both at daytime and nighttime. For instance, as suggested by Morakinyo et al. 
(2017), tree shade can be applied to sunlit region of the street canyons to minimize heat. In 
addition, implementing strategies based on land use is also needed to be considered due to the 
difference of the relative height between trees and heights. Meanwhile, other strategies to 
increase green space are necessary such as installation green roof and cool roof (Susca et al., 
2011). 
5.4 Limitations 
Each chapter summarized its own specific limitations, but consideration should also be 
given to general limitations of this research. The lack of simultaneous observation of land 
surface temperature, tree cover and tree height are perhaps the biggest concern. Nearly all 
LiDAR data were acquired in leaf-off season, while the LST data were acquired in summer to 
denote UHI effects. The results of this research will be affected by the temporal mismatch of 
remote sensing data. However, due to the difficulty in getting LiDAR data at the same time with 
LST data, this research tried to use LST data acquired in the same year of LiDAR data. These 
LiDAR data have been useful and effective to obtain tree canopy and have been used by urban 
forest management. Therefore, though mismatched with the acquisition time of LST data, the 
LiDAR data used in this research are still useful to characterize structural metrics of urban trees. 
Besides, the comparison between cities would be more persuasive if the LST data for all cities 
represent similar UHI conditions (e.g. similar maximum and minimum LST). Another approach 
would be to control for the other variables that affect UHI differences between cities – density, 
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impervious, building heights, length of day, etc. As it is not easy to collect LST data that 
represents the same UHI conditions for all the three cities, this study selected high-quality LST 
data which have similar LST range (minimum to maximum), mean LST, and similar sun angle 
for the three cities. The LST data for Tampa was acquired in late April, while the LST data for 
Seattle and NYC were obtained in August. Furthermore, the cooling effect of urban vegetation 
may change in different season/month for the same location, and this study ignored this 
variability when compared between cities. However, while the lack of LST data at the same UHI 
condition for different cities may appear normal, it should be noted the study of the effects of 
urban vegetation especially vertical structure, especially comparing between cities, still can 
provide significant knowledge for scientific research and urban vegetation management as well. 
5.5 Future Research 
There are several possible avenues from the present research that can be further explored 
in the future. As mentioned above, this research only examined the cooling effect of urban 
vegetation for one day. As the horizontal and vertical structures of urban vegetation and the 
weather condition change from time to time, urban vegetation can exhibit changing cooling 
effects for different season/month. More rigorous research should be conducted through 
investigating the cooling effects of urban vegetation in different time of the year. 
 Another area for future research is to develop more comprehensive studies about how the 
interaction between buildings and trees affect urban microclimate. This research has revealed 
that impervious surface and building height affect the cooling effect of urban vegetation. 
Buildings, especially tall buildings in highly developed cities such as NYC and Seattle, provide 
considerable amount of shade. Meanwhile, the surface roughness created by urban buildings is 
very different with that of urban trees. Materials of buildings and impervious surface also lead to 
variable heat absorption and dissipation rate. To fully and better understand the underlying 
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mechanisms of the UHI and to mitigate UHI effects, more research is needed to explore the 
interaction between buildings and urban vegetation. 
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